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Multiple environment trials (MET) are generally carried out by plant
breeders to select and recommend high yielding and stable genotypes for a
set of environments. The analysis of MET data often results in genotype-byenvironment interactions which often causes difficulties in the
interpretation of results and reduce efficiency in selecting the best
genotypes. AMMI and GGE biplot analysis are two recent methods that are
widely used to overcome these difficulties in MET data analysis. The
objective of this study was to compare GGE biplot and AMMI analysis that
determine the most efficient method for evaluating and describing genotype
performance across environments. Ten (10) cassava (Manihot esculenta)
genotypes including two local checks were evaluated across six (6)
environments in Southern Ghana. The experimental layout was a
randomized complete block design with three replications. The Additive
Main Effects and Multiplicative Interaction (AMMI) analysis of variance
identified highly significant effects for environment, genotype and genotype
by environment interaction denoting different responses of genotypes
across environments. The AMMI1 biplot identified AR14-10, CR42-4 and
CR59-4 as the most stable genotypes but could not accurately display the
performance of a given genotype in a given environment. However, the GGE
biplot provided more information with regards to environments and
genotype performance than the AMMI1 biplot analysis and was able to
identify the environment PK08 as being the most representative and
desirable of all.
Key words: Cassava, root yield, AMMI, GGEbiplot, Ghana

INTRODUCTION
Cassava (Manihot esculenta Crantz) is the most important
vegetative propagated food crop in Africa. It is also the
second most important food staple in terms of calories per
capita. More than 800 million people depend on it for their
calorie needs (Burns et al. 2010). The total cassava
consumption more than doubled from 24 million tons per
year in the early 1960’s to 58 million tons per year in the
early 2000s (FAO, 2006). Cassava has been adjudged in
Africa, as a food security crop mainly because of its ability
and capacity to yield well in drought-prone, marginal
wastelands under poor management where other crops
would fail (Akinwale et al., 2011). Despite cassava's ability
to grow in marginal areas large differential genotypic

responses occur under varying environmental conditions
(Mkumbira et al., 2003). This phenomenon is referred to as
genotype × environment interactions (GEI), which routinely
occurs in plant breeding programs (Kang, 1998).
In plant breeding programs, genotypes are evaluated in
multi-environment trials (METs) by testing their
performance across environments and selecting the best
genotypes in specific environments. However, selection of
superior genotypes in multi-environment trials usually
results in genotype-by-environment interactions that often
complicate the interpretation of results obtained and
reduce efficiency in selecting the best genotypes
(Annicchiarico and Perenzin, 1994). This interaction is the
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result of changes in genotype’s relative performance across
environments, due to differential responses of the
genotypes to various abiotic and biotic factors (Dixon and
Nukenine, 1997). Thus, a significant Genotype ×
Environment (GE) interaction for a quantitative trait such
as root yield can complicate the identification of superior
genotypes for both improved crop development and new
crop introduction.
Several statistical methods have therefore been proposed
to facilitate the interpretation of GEI from MET’s. The most
commonly used statistical technique for analyzing GEI is
the two-way cross classification analysis of variance
(ANOVA). However, while this technique can adequately
explain only the main effects and identify GEI as a source of
variation, it fails to analyze the inherent effects of GEI. This
is because the additive nature of the ordinary ANOVA
model does not allow it to analyze a non-additive
interaction component and other statistical techniques are
therefore required to identify interaction relationships.
Manrique and Hermann (2002) conducted a MET study to
compare the efficiency of a number of suitable statistical
techniques to classify clones based on the stability of their
performances. They concluded that regression analysis did
not effectively identify stable genotypes, but did provide
information on genotype performance under improving
environments. Gauch and Zobel (1988) also compared the
performance of the ANOVA method with the regression
method and found that ANOVA fails to detect a significant
interaction component and the regression approach
accounts for only a small portion of the interaction sum of
squares only when the pattern fits a specific regression
model.
The AMMI model has been reported to be an efficient
method because it captures a large portion of the GE sum of
squares and uniquely separates main and interaction
effects as required for most agricultural research purposes
(Gauch, 2006). It has proved to be a powerful tool used by
researchers to evaluate a number of genotypes established
in a number of environments, identify stable and adaptable
genotypes and determine the magnitude of GEI (Crossa,
1990). Consequently, Gruneberg et al. (2005) suggested
that the AMMI model was a highly efficient multivariate
tool for the analysis of MET data. Likewise, the most well
known and appealing component of AMMI analysis is the
graphical display of the results in a very informative biplot
(AMMI1) that shows both main and interaction effects for
both genotype and environment (Zobel et al. 1988). Yet, the
AMMI1 biplot does not have the most important property
of a true biplot, namely the inner-product property. In
addition, the AMMI1 biplot does not display the
discriminating ability and representativeness view of a
biplot which is effective in evaluating test environments.
This has been recognized by Yan et al., (2000) who adopted
the proposal of Gabriel, (1971) by using the biplot
technique to display the genotype main effect plus
genotype by-environment interaction (G+GE) of a METs
data, and called it the GGE biplot.
GGE biplot is a graphical tool which displays, interprets

and explores two important sources of variation, namely
genotype main effect and GE interaction of MET data (Fan
et al. 2007; Yan, et al. 2000). GGE biplot analysis considers
that only the G and GE effects are relevant and that they
need to be considered simultaneously when evaluating
genotypes. The GGE biplot has therefore been used in crop
variety trials to effectively identify the best-performing
genotype across environments, identify the best genotypes
for mega-environment delineation, whereby specific
genotypes can be recommended to specific megaenvironments and evaluate the yield and stability of
genotypes (Yan and Kang, 2003; Yan and Tinker, 2006). The
relative versatility of the GGE biplot, especially in megaenvironment analysis and genotype selection, is worthy of
being exploited for selection of genotypes for specific
environments. More importantly, it would assist in guiding
the direction of varietal development for stable ecology
based selections.
The differences between the GGE biplot and AMMI
methods are the following; firstly, AMMI stands for the
additive main effect and multiplicative interaction (Gauch,
1992), and GGE stands for genotype main effect plus GE
interaction (Ma, 2004). Secondly, the GGE biplot analysis is
based on environment-centered principal component
analysis (PCA), whereas AMMI analysis is established on
double centered PCA (Kroonenberg, 1995). However,
according to (Yan and Tinker, 2006) AMMI could be
misleading if used for the purpose of “which-won-where”
(i.e., identification of mega-environments as well as their
wining genotypes). Also, Ding et al. (2007) asserted that the
GGE biplot is superior to the AMMI, because it provides a
lot more visual interpretations than the AMMI, by allowing
the visualization of any crossover GE interaction which is
usually essential to breeding programs.
A number of multi-environment trial studies have
compared the AMMI and GGE biplot analyses to obtain an
effective tool for analyzing GEI and have come out with
differing results. Kandus et al. (2010) found the AMMI
model was the best model to describe the GEI in maize.
Stojaković et al. (2010) and Mitrovic et al. (2012) also found
out that the models provided similar results. Moreover,
(Rad et al., 2013) indicated that both models performed
equally using data on bread wheat while, Samonte et al
(2005) found the AMMI and GGE biplot analyses
complemented one another. Contrary to these findings, Yan
et al. (2007) compared the GGE biplot and AMMI analyses
and concluded that the GGE biplot was superior to the
AMMI biplot in mega-environment analysis and genotype
evaluation.
OBJECTIVES
The main objectives of this study were (1) to determine the
magnitude and patterns of G×E interaction effects in
cassava using the AMMI and GGE biplot methods of analysis
(2) to display graphically the mean performance and
stability of 10 cassava genotypes and (3) to compare GGE
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were then identified.
The AMMI model equation according to Gauch and Zobel
(1996) for T genotypes and S environments is
n

MATERIALS AND METHODS
The study was conducted in two cropping seasons (20072008 and 2008-2009) at three experimental sites: Fumesua
(with annual rainfall of 1500-1750 mm; altitude 277 m;
mean annual temperature of 20 to 34°C; coordinates 6° 41′
N; 1° 28′ W; Ferric Acrisol soils, Bomso series; forest);
Ohawu (with annual rainfall of 1000-1500 mm; altitude 24
m; mean annual temperature of 24 to 34°C; coordinates
6°8′ N 0°54′ E ; Dystric Luvisol soils, Toje Alajo series;
coastal savanna); and Pokuase (with annual rainfall of 8001000 mm; altitude 65 m; mean annual temperature of 21 to
30°C; coordinates 5° 41′N; 0° 17′ W; Chromic Lixisol soils,
Adams series; coastal savanna) in Ghana. Total rainfall,
mean maximum and minimum temperatures during the
experimental period was presented in Table 1.
Ten genotypes were tested on experimental sites at
Fumesua, Ohawu and Pokoase in this study. Out of the 10
advanced lines assessed, 8 elite inter-specific hybrid
cassava genotypes were introduced from International
Center for Tropical Agriculture (CIAT) through National
Root Crops Research Institue (NRCRI), Umudike: AR14-10,
AR15-5, CR41-10, CR42-4, CR52A-25, CR52A-31, CR52A-4
and CR59-4. The other two genotypes used as checks,
comprised of Afisiafi, an improved cultivar and a land race
called Sisipe166, extensively grown in Ghana because of
their outstanding agronomic performance and moderate
resistance to major pests and diseases. The experimental
design was a randomized complete block design with three
replications at each site under rain fed conditions. Planting
dates at Fumesua, Ohawu and Pokuase were on the 10th,
13th and 15th day of July respectively for the two cropping
seasons. The plot size was 4 × 10 m and a spacing of 1 × 1 m
was used. Hand weeding was done as and when necessary.
At harvest (12months after planting (MAP)) data were
collected for fresh root yield and converted into (kg ha-1).
Data was collected from the inner plants within a plot.
AMMI method of analysis
AMMI analysis was carried out for root yield of ten cassava
genotypes obtained per plot across environments using the
Genstat software Release 7.22 DE, 2008. The AMMI model
combines the analysis of variance for main effects of G and
E with principal components analysis of GEI. It has proven
useful in understanding complex GEI. Stable genotypes for
each environment were selected by AMMI and principal
component axes (PCAs) were extracted and statistically
tested by Gollob’s (1968) F-test procedure (Vargas and
Crossa, 2000). These components from AMMI analysis were
used to obtain a biplot of the main effect of means versus
the first Interaction Principal Component Analysis Axis
(IPCA1). IPCA1 The pattern of response of G, E, and GEI

Yij    g i  e j   n in  jn   ij
n 1

 ij ~ N 0,  2 ; i  1,2,...., T ; j  1,2,...., S.
Where, Yij is the mean yield of the ith genotype in the jth
environment; µ is the general mean gi is the ith genotypic
effect; ej is the jth location effect; λn is the eigen value of the
PCA axis n; αin and γjn are the ith genotype jth environment
PCA scores for the PCA axis n; θij is the residual; n’ is the
number of PCA axis retained in the model.
The genotype x environment interaction effects were
calculated
using
the
formula

GxE ij

 y ij  y i  y j  y.. (where yij is the mean of the

ith genotype on the jth environment and yi, yj, and y... are the
mean of the ith genotype, the mean of the jth environment,
and the overall mean, respectively (Vargas et al., 1999).
GGE biplot method of analysis
The GGE biplot method outlined by Yan, (2002) was used to
display the G and GE interaction patterns in the data in a
biplot. The which-won-where pattern (which is an intrinsic
property of the GGE biplot rendered by the inner-product
property of the biplot, of the cassava Genotype
Environment Data (GED) set was also visually presented. In
addition, the GGE biplot was used to identify high yielding
and adapted cassava genotypes as well as suitable test
environments. The best cassava genotypes were
represented by large principal component scores (PCA 1,
high root yield) and small principal component scores (PCA
2, high stability) (Yan, 2001). Genotypes that had PCA 1
scores >0 were identified as higher yielding and those that
had PCA 1 scores <0 were identified as lower yielding. PCA
1 scores >0 detected the genotypes of interest (i.e.
adaptable or higher yielding), while PCA 1 scores <0
discriminated the non-adaptable ones (Zerihun, 2011). PCA
2, which was related to genotypic stability or instability,
divided the genotypes of interest based on their scores.
The model for the GGE biplot based on singular value
decomposition (SVD) of first two principal components is:

Yij     j  1 i1 j1  2 i 2 j 2   ij

Where Yij is the measured mean of genotype i in

 is the grand mean,  j is the main effect
of environment j,    j being the mean yield across all
environment j,

genotypes in environment j, 1 and  2 are the singular
values (SV) for the first and second principal component
(PCA 1 and PCA 2), respectively,  i1 and  i 2 are
eigenvectors of genotype i for PCA 1 and PCA 2,
respectively, 1 j and  2 j are eigenvectors of environment j
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Table 1. Average maximum and mininum temperature and total rainfall during the experimental period at Fumesua, Ohawu
and Pokuase

Location
FUMESUA
OHAWU
POKUASE

Season 1 (2007-2008)
Temperature (°C)
Rainfall (mm)
Min.
Max.
2011.0
22.06
31.47
923.4
23.18
32.95
830.1
23.07
32.35

Season 2 (2008-2009)
Temperature (°C)
Rainfall (mm)
Min.
Max.
1839.2
22.54
31.38
1092.9
22.53
33.58
1174.0
22.56
32.85

Source: Ministry of Food and Agriculture (MOFA)

Table 2. Mean yield (kg ha -1) of 10 cassava genotypes under 6 environments
Genotype
AFISIAFI
AR14-10
AR15-5
CR41-10
CR42-4
CR52A-25
CR52A-31
CR52A-4
CR59-4
Sisipe166
Mean
SED
CV%
P<(0.05)

FM08

FM09

OH08

OH09

PK08

46.33
36.50
36.50
46.00
45.67
85.67
48.00
35.17
26.33
52.33
45.85
14.19
37.90
0.044

37.12
2.63
1.40
11.87
10.63
24.70
33.20
34.60
8.73
49.07
21.40
7.30
41.8
<0.001

68.57
52.00
46.00
65.33
54.67
97.33
58.33
71.60
43.67
69.33
62.68
6.84
13.40
<0.001

44.93
20.63
34.10
13.00
28.27
26.87
61.43
65.83
9.13
54.00
35.82
13.32
45.50
0.003

67.83
40.17
40.97
56.33
49.83
99.50
54.17
68.50
42.17
63.83
58.33
7.52
15.8
<0.001

for PCA 1 and PC2, respectively,

 ij

is the residual

associated with genotype i in environment j.
RESULTS
Descriptive analysis
The mean yields of the ten genotypes grown in six
environments were presented in Table 2. Mean yields
ranged from 26.86 kg ha-1 for ‘CR59-4’ to 60.33 kg ha-1 for
‘CR52A-25’. Five of the genotypes (50%) had above the
mean average yields. Among the environments, FM09,
OH09 and PK09 had below the mean average yields. The
highest yields were recorded in environments OH08
followed by PK08 with mean yields of 62.68 and 58.33 t ha 1, respectively.
AMMI analysis
The AMMI analysis of variance for root yield (kg ha-1) of ten
cassava genotypes tested in six environments showed that
33.14% of the total sum of squares was attributable to
environmental effects, 22.02% to genotypic effects, and
18.35% to G x E interaction as shown in Table 3. The
analysis revealed that variances due to environments,

PK09
41.13
34.93
40.40
24.77
36.83
27.90
50.03
51.60
31.10
47.27
38.60
6.08
19.30
0.003

Mean
50.99
31.14
33.23
36.22
37.65
60.33
50.86
54.55
26.86
55.97
43.78

genotypes and G x E interactions were highly significant
(P<0.01). The large sum of squares for environments
indicated that the environments were diverse, with
differences among environmental means causing about a
third of the variation in root yield. This might probably be
due to differences in growing season rainfall which has
been known to have positive impacts on cassava yield.
Generally, total monthly rainfall at Fumesua for both
seasons were higher than that of Ohawu and Pokuase,
whiles mean temperatures ranged between 22.06°C and
33.58°C, as shown in Table 1. Moreover, the highly
significant (P<0.01) GE interaction for cassava root yield is
an indication of different performance of genotypes across
environments and this necessitates the investigation of the
nature of different response of the genotypes to
environments. In spite of this high significance, the
magnitude of the GEI sum of squares was smaller than that
of genotypes, indicating the presence of moderate variation
among the genotypes over environments.
The GEI was partitioned into three interaction principal
component analysis axis (IPCA). This implied that the
interaction of the cassava genotypes with six environments
was predicted by the first three components of genotypes
and environments. The results further indicated that the
first two interaction principal components (IPCA 1and IPCA
2) were extremely important in explaining the interactions
while the rest IPCA’s were not significant and thus
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Table 3. Additive main effect and multiplicative interactions (AMMI) analysis of variance for cassava root yield (kg ha -1)
across environments
Source
Total
Environment (E)
Genotype (G)
GxE
IPCA 1
IPCA 2
IPCA 3
Residual

DF
179
5
9
45
13
11
9
12

Sum of Squares (SS)
105401
34932
23272
19345
14415
2664
1299
967

Mean of Squares (MS)
6986***
2586***
430***
1109***
242*
144
81

Variation Explained (%)
33.14
22.08
18.35
13.68
2.53
1.23
0.92

***, *: significant at the 0.01 and 0.1 probability level respectively

Table 4. AMMI selections of stable genotypes per environment
Environment No.
4
6
2
3
5
1

Environment
Ohawu-09
Pokuase-09
Fumesua-09
Ohawu-08
Pokuase-08
Fumesua-08

Mean
35.82
38.60
21.40
62.68
58.33
45.85

constituted a residual noise component. IPCA 1 explained
74.52 % of the variability relating to GEI and 28.89% of the
interaction degrees of freedom. Similarly, the second
principal component axis (IPCA 2) accounted for 13.77% of
the variability of the GEI sum of squares as shown in Table
3. The first two IPCA axes jointly accounted for 88.29% of
the GE interaction sum of squares, leaving 11.71% of the
variation in the GE interaction (within 26.67% of the interaction df) in the residual. The residual in fact accounted
for only 0.92% of total sum of squares. The mean squares
for the first PCA is more than four times that of the residual
whose mean squares was indeed not significant. This
showed that there were differences in yield performance
among the cassava genotypes across the six test
environments due to the presence of significant G × E
interaction effects.
In addition, the AMMI analysis selected Sisipe199 and
Afisiafi with average yields of 55.97 and 50.99 kg ha -1
respectively as the most stable genotypes across all the
environments followed closely by CR52A-4 with a mean
yield of 54.55 kg ha-1 in five environments (Table 4).
Overall CR52A-31, CR52A-4, Afisiafi and Sisipe166 were
identified as being good performing genotypes when under
fairly good seasons represented by year 2009 (Table 4).
AMMI biplot analysis
The AMMI biplot analysis for cassava root yield grown in
six environments was presented in Figure 1. The x-axis
shows the main effects while the y-axis shows the first PCA
axis. The biplot accounted for 75.1% of the total treatment
SS leaving a sizable 24.9% in the residual and revealed

Score
4.802
3.226
1.809
-2.875
-3.286
-3.676

First four AMMI selections
CR52A-4 CR52A-31 Sisipe166 Afisiafi
CR52A-31 Sisipe166 CR52A- 4 Afisiafi
Sisipe166 Afisiafi CR52A-4 CR52A-31
CR52A-25 Sisipe166 Afisiafi CR52A-4
CR52A-25 Sisipe166 Afisiafi CR52A-4
CR52A-25 Sisipe166 CR41-10 Afisiafi

differential responses of genotypes to the study
environments. The results showed that genotypes AR14-10,
CR42-4 and CR59-4 were least interactive with the
environment (low IPCA-1 scores) and also had low yields.
However, these three genotypes showed little variation in
main effect with each other. They were considered as
average and stable genotypes being the ones closest to the
midpoint of the biplot. CR52A-31 had the largest positive
interaction scores while CR52A-25 had the largest negative
interaction (-6.5) but a high mean yield of 60.33 kg ha -1.
CR52A-31, Sisipe166 and Afisiafi are similar in main effects
but vary appreciably in interaction. The environments were
also variable in both main effects and interaction.
Season 2 environments (FM09, OH09 and PK09) were
positively related to the interaction, whilst season 1
environments (FM08, OH08 and PK08) were negatively
related. The first season sites were classified as poor
environments and appeared not to give any unique
information among the genotypes.
GGE biplot analysis
The partitioning of GGE through GGE biplot analysis
showed that PCA 1 and PCA 2 accounted for 60.0% and
33.0% of GGE sum of squares respectively for root yield,
explaining a total of 93.0% variation as shown in Figure 2.
The GGE biplot revealed the best genotypes under different
environments and accurately identified the best genotype
with respect to site FM08, PK08 and OH08 as genotype
CR52A-25. Genotypes Afisiafi, Sisipe166, CR52A-31 and
CR52A-4 were best for environment FM09, PK09 and OH09.
Genotype CR52A-25 gave the highest average yield (largest
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Figure 1: AMMI1 biplot for Root yield of 10 Cassava Genotypes in 6 Environment

PCA 1 scores), but was unstable over the environments, due
to its high absolute PCA 2 scores. In contrast, CR42-4
yielded poorly in all environments, as indicated by its small
PCA 1 scores (low yielding) and relatively small PCA 2
scores (relatively stable). The average yield of genotypes
CR41-10, CR59-4, AR14-10, AR15-5 and CR42-4 were
below the mean average (PCA 1 scores < 0), as shown in
Figure 2, and were thus classified as the non-adaptable
genotypes. On the other hand, genotypes (CR52A-25,
Afisiafi, Sisipe166, CR52A-31 and CR52A-4) with PCA 1
scores >0 were detected as the genotypes of interest (i.e.
adaptable or higher yielding). The locations in two different
years of the study were clearly separated in the which-wonwhere graph denoting the winning genotypes as CR52A-4
and CR52A-31 in one the first year (FM08, PK08 and OH08)
and genotype CR52A-25 in the second year (FM09, PK09
and OH09).
In Figure 3 the mean root yield and stability performance
of the cassava genotypes were shown. The genotypes were
ranked along the average environment co-ordinate
(average environment axis (AEC x-axis) with an arrow
indicating the highest value based on their mean
performance across all environments. Thus genotype

CR52A-25 which was closer to the AEC x-axis arrow had the
highest mean yield whilst genotypes CR59-4, AR14-10,
AR15-5, CR41-10 and CR42-4 which were further away
from the AEC x-axis arrow had the poorest mean yields.
However, CR52A-25 with the longest projection from the
AEC x-axis was adjudged as a highly unstable genotype
whereas CR59-4, AR14-10 and CR42-4 with barely visible
projections from the AEC x-axis were very stable genotypes.
The double arrowed line also separated the above average
mean yield genotypes (CR52A-25, Sisipe166, CR52A-4,
Afisiafi and CR52A-31) from the below average mean yield
genotypes (CR59-4, AR14-10, AR15-5, CR41-10 and CR424).
The discriminating power vs. representativeness view of
the GGE biplot as shown in Figure 4 showed that test
environments OH09 and PK08 with the longest projection
from the biplot origin were found more discriminating of
the genotypes (i.e., they provided much information about
the differences among genotypes). On the other hand, PK09,
with its shortest vector from the biplot origin, was found
less discriminating of the test genotypes. Test
environments FM09, OH08 and PK08 were found to be
more representative of other test environments due to the
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Figure 4:Discriminating power and representativeness of the six environments

fact that they have smaller angles with the AEAs. PK08 was
therefore identified as an ideal environment that has both
discriminating ability of the genotypes and representative
of the other test environments. Therefore, environment
PK08 can be used to effectively select superior cassava
genotypes that can perform consistently across
environments.
DISCUSSION
The results from this study indicate that GE interaction is a
significant source of variation in the cassava MET data. This
observed pattern of GE interaction for root yield of cassava
suggests that genotypes respond differently in different
environments, hence the need for biplot analysis which

allows visual interpretation of GE interaction and facilitate
genotype recommendations in MET. Subsequently, two
types of biplots (AMMI1 and GGE) were used to graphically
display, interpret and explore important sources of
variation, namely genotype main effect and GE interaction
of MET data, to identify the genotypes which were superior
or had adapted well in each environment based on their
mean performance and stability and to also evaluate test
environments for effective genotype evaluation based on
their discriminating ability and representativeness.
This study revealed that the GGE biplot and the AMMI1
graph explained 93 and 75% of the total G+GE, respectively.
The GGE biplot thus explained more G+GE than the AMMI1
graph and was, therefore, a more accurate presentation of
the GGE of the cassava root yield data. This might probably
be due to the fact that although, the AMMI1 biplot (Zobel et
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al., 1988) has been proven to be very efficient in detecting
important sources of variation of GE interaction effects and
has also been adjudged as either superior or equal to GGE
biplot analysis, (Gauch, 2006), it is not able to effectively
display the relative performance of each genotype in each
environment (i.e., does not have the most important
property of a true biplot, namely the inner-product
property). As a result, the performance of a given genotype
in a given environment cannot be accurately visualized
even if it fully displays the data. Similarly, Yan et al, (2007)
concluded that the GGE biplot is superior to the
AMMI1biplot in mega-environment analysis and genotype
evaluation because it explains more G+GE and pinpointed
that, the AMMI1 biplot is better viewed as a tool for
presenting conclusions rather than as a tool for discovering
which-won-where patterns. On the contrary, the GGE biplot
was criticized by Ebdon and Gauch (2002) and Gauch
(2006) for not being able to reveal which-won-where
patterns if more than two PCs are required to approximate
the data.
With regards to visualizing the mean performance and
the stability of the genotypes simultaneously, both the GGE
and AMMI1 biplots identified CR52A-25 as the highest
yielding genotype showing high absolute interaction with
all the first season environments. In addition, CR42-4 was
adjudged the most stable genotype though not high yielding
by both biplots. Moreover, Sisipe166 and Afisiafi genotypes
which are among the most recently recommended
genotypes for Ghana, (RTIP Factsheet, 2002), were also
found to be stable for cultivation across seasons. It also
supports the fact that, Afisiafi is a released variety and has
been tested across locations in Ghana. Although, CR59-4
was found to have a combination of low GE interaction and
average yield, making it the most suitable for cultivation
across seasons in terms of stability, its low root yield even
under fairly good seasons makes it a less attractive
genotype for selection and recommendation. Similarly,
Hagos and Abay, (2013), suggested that both GGE and
AMMI biplots were important for evaluating stable and
adaptable genotypes in MET. Similar outcomes have also
been reported by Stojaković et al, (2010) and Mitrovic et al,
(2012) and likewise, Rad et al, (2013) indicated that he
AMMI biplot performed equally well as the GGE biplot.
Evaluating test environments for effective selection of
superior genotypes is one of the most important features of
GED and biplot analysis. Yet, the AMMI1 biplot (Zobel et al.,
1988) displays the test environments by their main effects
E and IPC1 scores, but provides no information on the
environment’s ability in identifying superior genotypes,
only the GGE biplot is able to optimize genotype selection
based on its discriminating ability and representativeness
view (Yan et al., 2007). Thus, the GGE biplot was able to
identify PK08 as the ideal environment having a long vector
length (discriminating ability) and a small angle
(representativeness) to the average environment axis
(AEA) and selecting CR52A-25 as a superior genotype that
can perform consistently across good environments.
Similarly, Khalil et al., (2011) identified environment
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Nowshera as discriminating as well as most representative,
as it was far away from the plot origin and had a shortest
projection onto average tester coordinate (ATC) Y-axis,
respectively in a maize study using GGE biplot analysis.
Likewise, Noerwijati et al, (2014) also identified Kediri as
the ideal environment for the selection of superior cassava
genotypes
based
on
the
discriminating
and
representativeness view of the GGE biplot having small
absolute PCA2 scores and large PCA1 scores.
Conclusions
This study indicates that the GGE and AMMI1 biplots are
useful techniques that were able to effectively detect the
existence of a significant amount of GE interaction between
ten cassava genotypes across six environments. Both
models revealed that CR52A-25 outperformed the checks
Afisiafi (an IITA released variety in Ghana) and Sisipe166 (a
landrace) indicating that it has the potential to increase
cassava productivity in Ghana and should therefore be
recommended for further breeding and subsequently its
release to cassava farmers. In addition, the GGE biplot
analysis found two distinct mega-environments for major
cassava-growing agro-ecological zones in Ghana and helped
the cassava plant breeding program to identify high
yielding and stable genotypes. CR52A-4 and CR52A-31
which are new genotypes also showed high mean yields
and were more stable and better adapted to the second
season mega-environment.
The performance of a given genotype in a given
environment was more accurately displayed by the GGE
biplot compared to the AMMI1 biplot. The reason for this
assertion is that, the which-won-where view of the GGE
biplot proved to be a more effective visual tool in the megaenvironment analysis and genotype evaluation, because it
explained more G+GE and depicted the inner product
property of a biplot. Whereas, the AMMI1 biplot provides
no information on the environment’s ability in identifying
superior genotypes, only the GGE biplot is able to optimize
genotype selection based on its discriminating ability and
representativeness view. Although, both methods have
proved to be important tools that can be used to effectively
analyze and interpret GE interactions, the GGE biplot
analysis provides a better innovative approach to the
interpretation of genotype × environment interactions and
this will enable breeders to effectively design the
dissemination strategy for new cassava genotypes.
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