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Abstract: Genotype by environment (GE) interaction has a large impact on
selecting adapted and predictable genotypes. Therefore, it is necessary to evaluate
maize genotypes across different environments, seasons or locations for a
successful selection. Twelve 3-way cross maize hybrids obtained from the
International Institute of Tropical Agriculture (IITA) were evaluated on the field of
the Federal University of Agriculture, Abeokuta, Nigeria (latitude 7° 15° N and
longitude 3° 25° E) across three growing seasons of 2021 and 2022. The
experiment was laid out with three replicates. Additive main effect and
multiplicative interaction (AMMI), genotype (G) plus GE (GGE) biplot and joint
regression techniques were used to identify stable and high-yielding genotypes.
The AMMI analysis showed that the total variances in the yield of the three-way
maize hybrids accounted for by G, environment (E) and GE interaction were
30.6%, 44.19% and 25.31%, respectively. Based on the AMMI biplot, the
genotypes LW1701-10 and OBA SUPER-9, which combined high yield with
stability, were the most desirable. The GGE biplot showed that hybrids LW1701-
10, OBA SUPER-9 and LW1701-6 were the most stable and desirable genotypes.
The joint regression technique showed that the performance of the genotypes could
not be revealed in a linear manner as the deviation component variance accounted
for 81.05% and identified LW1701-6, LW1701-16, LW1701-12, LW1701-21,
LW1701-4 as stable and desirable genotypes. The study revealed that the GGE and
AMMI models were more effective than the joint regression technique in
examining yield stability of maize hybrids. The study deals with the comparison of
AMMI, GGE biplot and joint regression techniques.

Key words: genotype by environment interaction, stable, AMMI, GGE biplot,
joint regression technique.
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Introduction

Maize (Zea mays L.), a well-known grain, is important in Nigeria, as it is
widely cultivated by a large number of farmers and has high economic value
(Adetimirin et al., 2008). However, its productivity remains low across sub-
Saharan African countries when compared to the global average production (FAO,
2023). This is due to several abiotic and biotic factors, including low soil fertility,
drought and heat stresses, striga infestations, use of low-yielding and un-adapted
varieties. High-yielding varieties/hybrids with reliable performance under different
environmental conditions are of great importance for sustainable production and
productivity. Grain yield is an important agronomic trait that is inherently
quantitative and influenced by genes in the crop, the environment and soil
management as well as their interactions (Messina et al., 2009).

Multi-environment trials (MET) are conducted worldwide for different crops
to identify high-yielding genotypes and the environment(s) that best represent the
test environments. In MET, genotypes are tested in different environments,
seasons, and years to determine the adaptation of crops. However, the interaction
of the genotypes with the environment (GE) makes the selection of the best
performing and most reliable genotypes a difficult task. There are numerous
stability statistics available to plant breeders which provide different approaches
for dealing with GE interactions. These include combined ANOVA, regression
analysis and multivariate methods, the additive main effects and multiplicative
interaction (AMMI) proposed by Gauch and Zobel (1996) and Gauch (1992), and
genotype plus GE interaction (GGE biplot analysis) proposed by Yan et al. (2000).

The AMMI model is one of the most widely used statistical tools in the
analysis of different environment trials. It has two uses, namely for understanding
complex GE interactions and for accuracy. The model has been used to study grain
yields of different crops, select stable genotypes, and investigate GE interactions
(Crossa, 1990). The complex relationships among the environments or among
genotypes can be adequately represented in a scattered diagram that shows both the
genotypes and environments simultaneously. This scattered diagram is called an
AMMI biplot (Mohammadi et al., 2007).

The GGE biplot is based on environment-centered data, which removes the
main effects of environments (because environments account for a large percentage
of variation and are not useful in genotype selection) and integrates the genotypic
main effect with the GE interaction effect of a genotype by environment data set
(Yan et al., 2000). The GGE biplot is a useful tool for mega-environment analysis
(“which-won-where” pattern), whereby specific genotypes can be recommended
for specific mega-environments (Yan and Kang, 2003), genotype evaluation (the
mean performance and stability), and environmental evaluation (the ability to
discriminate among genotypes in the target environments).
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Joint regression analysis is an important model for analyzing and interpreting
the GEI of two-way classified data and continues to support traditional statistical
analysis in genetics and plant breeding in determining the yield stability of
different genotypes or agronomic treatments across varying environments (Crossa,
1990). A recent study by Dias et al. (2023) provides a comprehensive overview of
joint regression techniques in the context of genotype X environment interaction
(GEI) analysis. The authors discuss the application of joint regression models,
emphasizing their utility in assessing yield stability and adaptability across diverse
environments. This work highlights the continued relevance of joint regression
methods in modern crop evaluation and breeding programs. Joint regression
analysis combines additive and multiplicative components and thus analyzes both
main effects and interaction with main effects, reducing its power for general
significance testing (Farshadfar and Stuka, 2006).

Material and Methods

Twelve three-way cross maize hybrids were sourced from the germplasm of
the Maize Breeding Unit of the International Institute of Tropical Agriculture
(IITA), Ibadan, and were used for this study (Table 1). The experimental sites for
the study were the upland and inland valley located at the Teaching and Research
Farm of the Federal University of Agriculture, Abeokuta (FUNAAB), Ogun state,
Nigeria (Lat 7° 10° N and 7° 58 °N and Long 3° 20° E and 4° 37° E). The study was
conducted in two different cropping seasons, the dry and rainy season of 2021 and
2022. The agro-meteorological data of the FUNAAB experimental sites for the
period in which the study was conducted are shown in Table 2.

Table 1. List of genotypes and sources.

Genotypes Source
LWI1701-4 IITA
LWI1701-6 IITA
LW1701-7 IITA
LWI1701-10 IITA
LW1701-12 IITA
LWI1701-16 IITA
LWI1701-21 IITA
OBASUPER -7 IITA
OBASUPER-9 IITA
SAMMAZ-23 IITA
SAMMAZ-22 IITA
OSIELE (CHECK) FUNAAB

Source: IITA: International Institute of Tropical Agriculture, Ibadan.
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Table 2. The hydrothermal parameters for 2021 and 2022.

2021 JAN FEB MAR APR MAY JUN JUL AUG SEPT OCT NOV DEC
Rainfall (cm) - 4.8 2002 19.72 88 494 2256 13.16 935 993 10.52 30.85
Max temp°C 3421 36.21 342 33.6 3402 3092 309 31.02 304 3237 3285 23
Min temp°C 24.11 25.55 233 234 2440 23.12 226 2270 22.55 2197 2275 2693
R.H (%) 62.99 63.05 69.68 80.09 77.36 77.83 7425 82.76 7798 78.15 78.18 7894
Sunshine (hr) 515 494 533 63 725 486 46 320 620 569 59 4.6
Evaporation (mm) ---- 35 405 331 47 39 318 190 306 341 343 3.80
2022 JAN FEB MAR APR MAY JUN JUL AUG SEPT OCT NOV DEC
Rainfalllcm) - - 11.83 23 249 1559 195 081 11.58 279 11.62

Max temp°C 31.77 3346 31.23 30.6 30.90 2936 29.44 267 29.7 31.1 3245

Min temp°C 2277 222 2255 22 2194 21.83 2233 2061 212 214 212

R.H (%) 88.88 7532 79.25 83.7 8033 80.74 84.42 8345 827 793 7793
Sunshine (hr) 444 519 472 39 492 388 425 276 37 402 392

Evaporation (mm) 4.36 391 3.64 34 371 301 316 205 28 33 331

The first and second plantings were carried out during the 2021 rainy season
(20™ June, 2021 — 30™ August, 2021) and the 2022 rainy season (3" February, 2022
— 26™May, 2022) at upland area, while the third planting was carried out at in-land
valley during the 2022 dry season (3™ August, 2022 — 24" November, 2022). Each
planting was laid out in a randomized complete block design in three replications.
Two seeds of each of the 12 genotypes were sown at the spacing of 75 cm between
rows and 50 cm within rows. The blocks were separated by a 1 m wide alley. Weed
control was carried out manually if necessary.

Data collection

Data were collected from five (5) plants from the center of each row on the
following traits:
1. Days to 50% tasseling: this was determined by counting the number of
days from planting to the time when 50% of the plants were tasseling.
il. Days to 50% silking: this was determined by counting the number of days
from planting to the time when 50% of the plants have developed silks.
1. Plant height (cm): the height of the selected plants was measured from
the base to the beginning of tassel branching using a meter rule.
iv. Ear height (cm): this was determined by measuring the height from the
base of the plant to the node bearing the upper ear with a meter rule.
V. Field weight (kg): this was measured by weighing the cobs per plot with a
weighing scale.
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vi. Grain yield per plot (kg): this was done by measuring the total yield per
plant at 15% moisture content with a weighing scale.

vil. 1000-seed weight (g): this was determined by counting 1000 seeds and
weighing with a weighing scale.

Data analysis

The data collected were subjected to separate and combined analysis of
variance (ANOVA) across environments using SAS 9.2 software package to
determine the effects of genotype (G), environment (E) and GEIL. The means were
separated using the least significant difference (LSD) at a 5% probability level.

The yield data were subjected to the additive main effect and multiplicative
interaction (AMMI) model according to Gauch and Zobel (1997). The linear model
of the technique is:

Ygerzl-L + ag + Be + Zn }\'n an 8en + pge + €ger (1)
Yoo is the trait of genotype g in environment e;
n is the grand mean;
Oy is the deviation of the genotype from the grand mean;
Be is the environment deviation from the grand mean;
An is the eigen value of PCA axis n;

Yenen are the genotype and environment PCA scores for PCA axis n;
Pee is the residual of the AMMI model.

The AMMI stability value (ASV) was calculated using the formula proposed
by Purchase et al. (2000) as follows:

ASV— J[%{IPCA lscores)ZI + ( IPCA scores)2

2
where IPCA 1 SS/IPCA 2 SS is the weight given to the [IPCA 1-value.

The IPCA is an indicator of stability to measure the response of both
genotypes and environments. The absolute value of the first IPCA score
represented the simplest measure of yield and stability.

Genotype plus genotype X environment interaction (GGE) following the
procedures of Yan (2001), Yan and Kang (2003), Yan et al. (2007) was used to
decompose the GEI into mega-environments and the best-performers according to
their visual characteristics. The mean performance and stability of the genotypes
were determined, and the discriminatory power and representativeness of the test
environments were revealed (Yan, 2001). The GGE biplot was used to identify the
ideal genotypes and locations.
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The equation of the GGE biplot is as follows (Yan and Kang, 2003):

_ Yii- Yy=A 2 I+ M E 10+t ey €))

Yi; isthe mean yield of genotype I in environment j;

Y;  is the mean yield across all genotypes in environment j;

Aiand A, are the singular values for PC1 and PC2, respectively;

Y;and X, arethe PC1 and PC2 scores for genotype I;

IT;; andIT;, arethe PCI and PC2 scores for environment j;

€ij Iisthe error associated with genotype i in environment j.

Genotype stability index: a stability index recommended by Farshadfar (2008)
was calculated for each genotype by adding the overall mean performance and
ASV for each trait as follows:

GSIi = RASVi +RYi 4)
where GSIi = the genotype stability index for the i™ genotype across the
environment for each trait;

RASVi = the rank of the i genotype across the environments based on ASV;

RYi = the rank of the i" genotype based on the mean yield across the
environment. The genotype with the lowest GSI was considered the best for a
particular trait.

Joint regression analysis was carried out according to the procedure of Perkins
and Jinks (1968) to identify and select stable genotypes, using a linear regression
coefficient (b) and the mean square of deviation (S°di). The means of the three
characters were regressed individually on the means of each environment to
determine the response pattern. The GEI was partitioned by the use of variance
components to determine the relative magnitude of the variances due to
heterogeneity and deviation mean squares according to Breese (1969).

The linear model of Perkins and Jinks (1968) is as follows:

Yij=ptdtE+gjte; &)
Y;; is the yield variable of the i" genotype at the ] environments;
i is the general mean over all genotypes and environments;
d; is the additive effects of the i genotype;
E; is the effects of the j™ environment;
gijis the GE interaction of the i" genotype with the j™ environment;
eij is the error term.
The deviation of bi values from 1.0 was tested using the *t* test for the null

hypothesis.
t = (bi-1)
S.E.

where S.E. = standard error.
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If bi is significant, its significant deviation from unity is tested by the
following formula:
t=(b-1)
S.E.
The deviation (S*di) from zero was tested by dividing the stability values by
the pool error M.S.

Results and Discussion

The combined ANOVA of maize genotypes in three environments is
presented in Table 3. The result showed that genotype and environments effects
were highly significant (p<0.001) for all traits evaluated. Similarly, GEI was
equally significant for plant height, ear height, 1000-seed weight and grain yield.
The maize genotypes evaluated differed significantly in all the characters,
suggesting that all twelve genotypes differed from each other. The significant
differences observed across the three seasons provided an opportunity to identify
reliable genotypes. The environment accounted for more of the total variation than
the genotype. This opines with the results of Ojo et al. (2021) and Komolafe et al.
(2022).

The result of the AMMI analysis for grain yield of twelve genotypes of 3-way
cross maize hybrids is presented in Table 4. Genotype accounted for 30.6% of the
total variation, while environments and genotype by environment interaction
accounted for 44.19% and 25.13%, respectively. The GEI was divided into the first
two [PCA axes and the residual. IPCA 1 and IPCA 2 explained 67.8% and 32.10%
of the total GEI variance, respectively. Crossover is present when a genotype
performs better in one environment but poor in another, while non-crossover is
present when a genotype continues to lead to a change in the IPI values. The
AMMI analysis has been used by several authors as a tool to identify the superior
and stable genotypes, as well as favorable and high-yielding environments (Tekdal
and Kendal, 2018). Based on the results of this study, the AMMI model accounted
for a substantial part of the total sum of squares, suggesting that the model was
appropriate to explain the GEI. The differences in the amount of rainfall and other
climatic conditions in the environments used for the study may have been
responsible for the variability in the performance of the genotypes. This is
consistent with the report by Komolafe et al. (2022). The significant sum of
squares for environment and GEI obtained in the AMMI analysis indicated that the
environments used for this study were different from each other, and thus,
genotypes responded differently to each environment. The results agree with the
findings of Naroui Rad and Bakhshi (2021).

The mean grain yield of 12 genotypes of 3-way cross maize hybrids grown in
three environments and their first IPCA scores are presented in Table 5. The results
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show that the grain yield per plant ranged from 519.94 g/plant to 1011.11 g/plant.
SAMMAZ-22, LWI1701-10, LW1701-7, OBASUPER-9, LW1701-21 and
LW1701-6 performed above average during the 2021 rainy season (E1). In the
2022 dry season (E2), LW1701-10, LW1701-12, LW1701-16, LW1701-6, OBA
SUPER-7, and OBA SUPER-9 performed above average. However, in the 2022
rainy season (E3), only 4 genotypes LW1701-10, LW1701-21, LW1701-6, and
OBA SUPER-7 performed above average. Environment 3 had the highest mean
yield of 881.94 g/plant, while environment 2 had the lowest mean yield of 579.44
g/plant. Osiele Check had the highest IPCA score of 8.11, while Sammaz-22 had
the lowest IPCA score of -12.65.

Table 3. Combined analysis of variance for grain-yield and related traits of 12
maize genotypes in three environments.

Source of Daysto Days to Field 1000-seed

variation tasseling  silking Plant height - Ear height weight  weight Grain yield
?];’)Vimnmem 2 36336  25348%*%  115002.96** 17682.06%* 2.99%* 16893.14%* 1047689.58%*
Block/E 6 1819 439 1183.45%  217.07* 0.36** 14828 13736.81
(Cé?)“"type 11 29.99%%  31.42%%  103021%*  29020%*  036** 3961.81%*  132223.80%*
GxE 22 1441 8.93 115245%%  539.94% 018  1575.15%*%  54691.60%*
Error 66 10.08 7.54 382.52 97.85 0.11  684.16 19248.93

** * significant at 0.01 and 0.05, respectively.

Table 4. AMMI ANOVA table for grain yield of the twelve genotypes of 3-way
cross maize hybrids evaluated across three environments.

Source of variation Df SS MS % of treatment % GxE
Total 107 6105906 57065

Treatment 35 4753056 135802%%*

Genotype 11 1454462 132224%* 30.6

Environment 2 2095379 1047690** 44.19

Block 6 82421 13737

Interaction 22 1203215 54692%* 25.31

IPCA 1 12 816952 68079%** 67.89
IPCA 2 10 386264 38626* 32.10
Residual 0 0 * * *
Error 66 1270429 19249

** * and IPCA mean significant at 0.01, 0.05 and interaction principal component axes, respectively.
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Table 5. Mean and the first IPCA scores of the AMMI analysis of grain yield for
the 3-way cross maize hybrids across three environments.

ggflgt"y‘l‘)‘:em El E2 E3 Meanyield  First IPCA
| Osicle Check  475.00 450.00 63333 519.94 8.11
2 LWI1701-10 1033.33 800.00 120000 1011.11 237
3 LWI701-12 800.00 583.33 850.00  744.44 2.18
4 LWI701-16 766.67 833.33 866.67  822.22 10.32
5 LWI1701-21 900.00 450.00 98333 77778 411
6 LWI701-4 866.67 470.00 800.00  712.22 -3.48
7 LWI701-6 966.67 600.00 950.00  838.89 -2.36
8 LWI701-7 103333 453.33 76667 75111 -9.69
9  OBA-SUPER-7  700.00 583.33 103333 77222 6.55
10 OBA-SUPER-9  1000.00 850.00 83333 894.44 2.80
11 SAMMAZ-22  1133.33 450.00 850.00 81111 -12.65
12 SAMMAZ-23 73333 430.00 81667  660.00 -0.04

Mean 867.36 579.44 881.94 77625

First PCA 17.42 14.48 2.95

E1=First rainy season of 2021, E2 = Dry season of 2022, E3 = Second rainy season of 2022.

In addition, environment 2 had the largest IPCA score of 14.48, while E1 had
the lowest IPCA score of -17.42. Thus, when a genotype and an environment have
the same sign on their respective first [PCA axes, their interaction is positive, if
different, their interaction is negative. The AMMI stability values revealed
variations in grain ranking yield among the twelve genotypes. G12 (Sammaz-23)
and G3 (LW1701-12) were considered stable according to ASV, but unstable
according to GSI. This agrees with the report by Komolafe et al. (2022), who found
some genotypes stable according to ASV but slightly unstable according to GSI.
The AMMI biplot enables the simultaneous selection for yield and stability of
genotype performance. This selection is always based on genotype yield responses
to the environments, adaptability of the genotypes to the environments and the
minimum deviation from zero score on IPCA 1 (Ariyo and Ayo-Vaughan, 2000).

The polygon view of the GGE biplot of twelve genotypes of maize grown in
three environments is presented in Figure 1. The PC1 explained 55.5% of the total
variation, whereas PC2 explained 30% of the variation in grain yield. The two
principal axes accounted for 85.5% of the total variation in grain yield across three
environments. The polygon view grouped the three environments into two mega-
environments, with environment 1 in one mega-environment and environments 2
and 3 in the second mega-environment. The genotypes at the vertex of each sector



258 Saidat A. Adeniji et al.

denote the highest yielding genotype in the environments that fall within that
sector. The vertex genotypes are G2 (LW1701-10) for mega-environment 1 and
G11 (SAMMAZ-22) for mega-environment 2. G2 (LW1701-10) was the best in
environment 3 and G11 (SAMMAZ-22) was the best in environment 1. The
genotypes that fell out of the mega-environments are low-yielding and therefore
not desirable in any of the environments and probably the poorest in some or all
environments (Yan, 2001). The GGE biplot ranks the genotypes according to the
average yield and stability. G2 (LW1701-10), G10 (Oba Super-9), and G7
(Iw1701-6) combined high yield with stability, indicating that these genotypes
possess the ability to maintain constant performance in terms of yield over a range
of environmental conditions. This is in agreement with Kusmiyati and Setiawan
(2022), who defined yield stability as the ability of a genotype to avoid significant
yield fluctuation over a range of environmental conditions.

PC1=55.5%. PC2=30%

PC2

0

Figure 1. Polygon view of GGE biplot for grain yield data of twelve 3-way cross

maize hybrid genotypes evaluated across 3 environments between 2021 and 2022.
E1=Rainy; June 2021 — Aug 2021, E2=Dry; Feb 2022 — May 2022, E3=Rainy; Aug 2022 — Nov 2022. G1=Osiele
Check, G2=LW1701-10, G3=LW1701-12, G4=LW1701-16, G5=LW1701-21, G6=LW1701-4, G7=LW1701-6,
G8=LW1701-7, G9=OBA SUPER-7, G10=OBA SUPER-9, G1 I=SAMMAZ-22, G12=SAMMAZ-23.
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Though G11 (Sammaz-22) and G4 (LW 17101-16) were high-yielding, they
were not stable and therefore unpredictable. G12 (Sammaz-22) and G3 (LW 1701-
12) were stable but low-yielding genotypes, making them undesirable for selection.
G1 (Osiele Check), G8 (LW 1701-7) and G9 (Oba- Super 7) were low-yielding and
unstable, making them the most undesirable. Yan and Kang (2003) defined an ideal
genotype on the basis of mean performance and stability. Kaya et al. (2006) have
also reported that a genotype is only stable when it translates to high yields. This
ideal genotype rarely occurs in nature, thus the genotype closest to the small circle
is called ideal. Based on this information, G2 (LW 1701-10) was classified as the
ideal genotype in terms of grain yield, as it combines yield and stability. This is in
contrast to Jalata (2011), who have argued that there is no ideal genotype.

The discriminatory and representative view of the environments and ranking
of the test environment relative to an ideal environment is presented in Figure 2.
An environment is called discriminative when it is able to identify the best
genotypes, while representativeness refers to the ability of a test location to
represent the test environments (Kassaye et al., 2024). The length of the
environment vectors (which approximates the standard deviation within each
environment) from the biplot origin and the angle formed with the abscissa of the
AEC reveal the discriminatory ability and representativeness of the test
environment, respectively. A test environment that has the longest vector is more
discriminatory when compared with other test environments. Hence, environment 1
was the most discriminatory environment. A test environment is more
representative when it has the smallest deviation angle with the AEC abscissa
compared with the other test locations. Thus, environment 3 was identified as the
most representative. An ideal environment is the most discriminatory of genotypes
and yet representative for the other test environments. Hence, the dark circle in the
ring of circles determines the ideal environment and the environment closest to the
best environment. This biplot shows that E3 comes closest to the ideal
environment. The GGE biplot evaluates the test locations through their
discriminatory power and representativeness. The environment with the highest
discriminatory power is the environment that provides the best information on the
genotype differences among the tested genotypes, while the ability to represent the
average environment confers representativeness (Kassaye et al., 2024). Kassaye et
al. (2024) defined an ideal test environment as a virtual environment that has the
longest vector of all the test environments (most discriminating) and located on the
AEC abscissa (most representative). In terms of grain yield, the 2021 rainy season
was the least representative and most discriminatory among the environments. This
is true as the means of genotypes in the 2021 rainy season were not significantly
different from each other.
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Figure 2. The biplot showing discrimination and representativeness based on
genotype by environment grain yield data of twelve genotypes of 3-way cross

maize hybrids evaluated across 3 environments between 2021 and 2022.
E1=Rainy; June 2021 — Aug 2021, E2=Dry; Feb 2022 — May 2022, E3=Rainy; Aug 2022 — Nov 2022, G1=Osiele
check, G2=LW1701-10, G3=LW1701-12, G4=LW1701-16, G5=LW1701-21, G6=LW1701-4, G7=LW1701-6,
G8=LW1701-7, G9=OBA SUPER-7, G10=OBA SUPER-9, G I=SAMMAZ-22, G12=SAMMAZ-23.

According to Yan and Tinker (2006), such an environment gives little or no
encouragement to good genotypes with the potential to upgrade poor genotypes.
The rainy season (2022), which had the smallest angle with the AEC abscissa, is
the most representative environment and is ideal for selecting superior genotypes.
This is true as the test location is the closest to the ideal environment. The most
representative environment can therefore be used to select sample environments
with wide adaptation, lowering the cost of multi-environment trials while the non-
representative environments are useful for selecting specifically adapted genotypes.

The performance of twelve maize genotypes based on the mean grain
yield/plant and stability across the three environments is presented in Figure 3. The
single-arrowed line, called the Average Environment Coordinate (AEC) abscissa,
indicates the direction of increasing mean genotype performance across test
environments. The double-arrowed line, orthogonal to the AEC abscissa and
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passing through the origin, is the AEC ordinate. This axis divides the genotypes
into two groups: those on the right performed above the overall mean, while those
on the left yielded below the average. G2 (LW1701-10) was the best performer
across the three environments based on yield. The projections on the ordinate are
measures of the stability of the genotypes. The shorter the vector, irrespective of
the direction, the more stable is the associated genotype. A short vector denotes
high stability (Yan and Kang, 2003). LW1701-10 (G2) was identified as the most
stable, followed by LW1701-6 (G7), OBA-SUPER-9 (G10), while Osiele-Check
(Gl), LW1701-7(G8), SAMMAZ-22(G11), LW1701-16(G4), OBA-SUPER-7
(G9), LW1701-21(G5) had long vectors and were unstable. An ideal genotype is
the genotype that combines high yield and stability. It is represented by the small
circle with the arrow pointing to it. LW1701-10 (G2) was identified as the most
desirable genotype near the ideal genotype.

PC1=55.5%. PC2=30%

PC2

Lexgerct
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Figure 3. The GGE biplot showing the performance of the 3-way cross maize
hybrid genotypes for both grain yield and stability evaluated across 3
environments between 2021 and 2022.

E1=Rainy; June 2021 — Aug 2021, E2=Dry; Feb 2022 — May 2022, E3=Rainy; Aug 2022 — Nov 2022, G1=Osiele
check, G2=LW1701-10, G3=LW1701-12, G4=LW1701-16, G5=LW1701-21, G6=LW1701-4, GT=LW1701-6,

G8=LW1701-7, G9=OBA SUPER-7, G10=OBA SUPER-9, G1 I=SAMMAZ-22, G12=SAMMAZ-23.
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Using the procedures described by Perkins and Jinks (1968), analysis of
variance for performance stability revealed that genotype, environment and GEI
were significant for grain yield (Table 6). The significant remainder mean square
also indicated that a significant portion of the variation was non-linear due to the
genotype X environment interaction. However, the variance component was used to
examine the relative contribution of heterogeneity and deviation from regression to
GEI It was found that the larger proportion of GEI was accounted for by the
deviation component (81.05%) and the heterogeneity between regressions
accounted for 8.53%.

Table 6. Mean squares from the stability analyses of variance of 3-way cross
hybrid maize (Perkins and Jinks, 1968).

Source DF Grain yield Component of GEI variance
Genotype 11 44074.59*

Environment (joint regression) 2 349231.83**

Genotype X environment 22 18230.31%**

Heterogeneity between regression 11 19015.75 8.53

Remainder 12 15991.14%* 81.05

Pooled error 72 6416.31

The average grain yields per plant and the regression coefficient of each
genotype are presented in Table 7. Since the regression coefficients measure the
responses of the genotypes to an increment in an improving environment, G11
(SAMMAZ-22), G5 (LW1701-21) and G8 (LW1701-7) showed above average
responses with regression coefficients greater than 1.00 and were considered good
yielders in above average environments. G2 (LWI1701-10) and G9 (OBA -
SUPER-7) with regression coefficients averaging 1.09 and 1.00 were also
consistent in all environments. Other genotypes such as G1 (OSIELE CHECK), G3
(LW1701-12), G4 (LW1701-16), and G10 (OBA-SUPER-9) had regression
coefficients smaller than 1 and only performed well in below-average
environments. Six genotypes were found stable among the twelve genotypes: LW
1701-12(G3), LW 1701-16(G4), LW 1701-21(GS5), LW1701-4 (G6), LW1701-6
(G7) and SAMMAZ-23 (G12). LW 1701-16(G4), LW1701-6 (G7) and LW1701-
21(GS5) were high-yielding and stable. The non-significant heterogeneity between
the regressions in this study indicated that the response of the genotypes was not
different and therefore the relative performance of maize grain yields cannot be
accurately predicted. Genotypes are regarded as being stable based on t of their
stability deviation being zero. The following genotypes LW 1701-12(G3), LW
1701-16(G4), LW 1701-21(G5), LW1701-4 (G4), LW1701-6 (G7) and SAMMAZ-
23 (G12) were regarded as stable across the test location. LW1701-16 (G4),
LW1701-6 (G7) and LWI1701-21(G5) combined both high yield and stability,
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while SAMMAZ-23 had a low yield and was stable. Differences in environments
are an important factor and largely determine the usefulness of b; values (Pfahler
and Linskens, 1979). The significance and non-significance of pooled deviation
and heterogeneity between regressions in the joint regression indicated the
presence of a GE interaction and that the response of genotypes to the maize grain
yield was non-linear.

Table 7. Mean yield for genotypes, regression coefficient and stability value of
each maize hybrid.

S/N Genotypes Mean grain yield/plant (g)  Regression coefficients b;  Stability

1 OSIELE CHECK 519.4 0.37+£0.45 5294.96%*
2 LWw1701-10 1011.11 1.09+ 0.44 4967.40%*
3 Lw1701-12 744.44 0.82+0.11 -5693.29

4 LWI1701-16 822.22 -0.04 £0.30 -1342.96

5 LWwWI1701-21 777.78 1.67£0.17" -4676.53

6 Lwl1701-4 712.22 1.22+0.25 -2842.68

7  LWI1701-6 838.89 1.21 £0.10" -5826.68

8 LWI1701-7 751.11 1.48 £0.85 35188.75%*
9  OBA-SUPER-7 772.22 1.00 = 0.94 44477.40**
10 OBA-SUPER-9 894.44 0.20 = 0.50 8001.06**
11 SAMMAZ-22 811.11 1.80 +0.91 41573.22%*
12 SAMMAZ-23 660.00 1.18+£0.19 -4222.68

Average 776.25 1.00

“Regression coefficients (b;), significantly greater than 1.0, the other genotypes have regression coefficients not
significantly different from 1.0 or less than 1.0. **Stability, significantly greater than 0.

Further partitioning of the GE interaction into components according to
Breese (1969) revealed that the deviation from linearity was larger than the
heterogeneity between regressions. The present study on maize clearly
demonstrates that it is not reasonable to simply assume that GEI may always be
explained by a linear function of the environment. The result of this study is in
agreement with the findings of Perkins and Jinks (1968), where the remainder M.S.
is significant against the error M.S. This result also aligns with recent findings that
report highly significant deviation components for yield-related traits, highlighting
the presence of substantial genotype x environment interactions. Such findings
underscore the need to assess genotypic stability and adaptability in crop breeding
programs (Adu et al., 2019; Ajala et al., 2021). This result is in contrast to the
findings of Perkins and Jinks (1968), who showed that there was a significant
linear regression which accounted for the entire GEI. This result is also in contrast
to the results of Anil et al. (2013) and Khathod et al. (2006), who observed a
significant linear and nonlinear response of genotype to environment. In contrast,
Breese (1969) found a linear response to yield in the five grass populations studied.
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The relative effectiveness of joint regression, AMMI and the GGE biplot in
discriminating desirable genotypes is presented in Table 8. AMMI identified four
genotypes as desirable, while GGE biplot and joint regression identified three (3)
and five (5) genotypes, respectively, as the desirable genotypes. These three
techniques identified LW1710-6 as the desirable genotype. AMMI and GGE biplot
also agreed on LW1701-10, LW1701-6 and OBA SUPER-9 as high-yielding and
stable and therefore the most desirable. In the order of the superiority, the GGE
biplot was found to be the most sensitive, while the AMMI was superior to the
joint regression. This result is in agreement with the findings of Yan et al. (2007),
who observed the superiority of the GGE biplot over the AMMI analysis.

Table 8. Relative effectiveness of AMMI, GGE biplot, and joint regression in
discriminating desirable maize genotypes in terms of grain yield.

S/N  AMMI GGE BIPLOT Joint regression
1 LW1701-10 LW1701-10 LW1701-6
2 LW1701-21 LW1701-6 LW1701-16
3 OBA SUPER-9 OBA SUPER-9 LW1701-12
4 LWI1701-6 LW1701-21
5 LW1701-4

The GGE biplot was found to be more informative in the “which-won-where’’
view, mega-environment evaluation and identification of ideal genotypes and
environment than the AMMI model. Yan et al. (2010) suggested that the GGE
biplot analysis should be supported by conventional statistical analysis. This is
because the GGE biplot use is only justified when either G or G x E in the data is
statistically significant and an analysis of variance should be conducted to see if it
is worthwhile to perform a GGE biplot analysis. The AMMI analysis combines the
analysis of variance and principal component analysis (PCA) into a unified
approach (Gauch and Zobel, 1988). Using this tool, larger sum of squares was
recorded for the interaction components when compared to the joint regression
analysis. A similar result was found by Ariyo and Ayo-Vaughan (2000). This study
suggests that the AMMI model has been found superior to regression techniques by
being more effective in explaining the GEI. Zobel et al. (1988) reported that
AMMI analysis significantly improved the probability of successful selection.

Conclusion

The study revealed significant differences among the twelve maize genotypes,
indicating the potential for selecting high-yielding and stable genotypes. The
AMMI analysis identified LW1701-10 as the most stable genotype with high
yields, while LW1701-16, OBA-SUPER-9, LW1701-6, and SAMMAZ-22 also
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showed high yield performance but were unstable. A specific genotype adaptation
was observed: OBA-SUPER-9 was best suited for the 2022 rainy season, Osiele-1
for the 2022 dry season, and SAMMAZ-22 for the 2021 rainy season. GGE biplot
analysis further confirmed LW1701-10 as the highest yielding and most stable
genotype, particularly well suited to the 2022 rainy season. Among the testing
environments, the 2021 rainy season was identified as the most discriminating,
while the 2022 rainy season was the most representative.
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Appendix 1: Means of seven traits for 12 three-way cross maize hybrids across

three environments.

Genotype DYTS DYSK PLHT EHT FDWT 1000-SW  GYLD
(days)  (days) (cm) (cm) (2) (2) (g/plant)

OSIELE-1 63.67 65.78 182.43 97.72 0.59 248.27 519.44
LW1701-10 58.11 60.67 169.81 90.14 1.18 316.87 1011.11

LW1701-12 57.11 59.89 189.19 91.68 1.16 315.75 744.4
LW1701-16 59.22 61.56 183.08 87.61 1.03 301.12 822.22
LW1701-21 57.44 60.33 187.31 94.35 1.22 304.84 777.78
LW1701-4 59.00 62.44 187.63 96.13 1.14 292.78 712.22
LW1701-6 59.22 61.67 190.30 94.14 1.19 284.52 838.89
LW1701-7 57.67 62.00 185.16 93.43 1.03 283.83 751.11
OBA SUPER-7 58.72 58.94 192.02 84.29 0.68 303.59 772.22
OBA SUPER-9 56.67 58.56 195.36 97.47 1.11 277.93 894.44
SAMMAZ-22 60.00 61.33 162.80 84.10 0.97 326.48 811.11
SAMMAZ-23 59.17 61.44 165.42 80.56 1.06 301.75 660.00

LSD 2.58 2.58 18.41 9.31 0.31 24.62 74.98

DYST=Days to 50% tasselling, DYSK=Days to 50% silking, PLHT=Plant height. HT=Ear height,
FDWT=Field weight, 1000-SWT=1000-seed weight. GY LD=Grain yield/plant.
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ADITIVNI GLAVNI EFEKTI I VISESTRUKA INTERAKCIJA, GLAVNI
EFEKAT GENOTIPA I INTERAKCIJE GENOTIP x SREDINA, ZDRUZENA
REGRESIJA U KVANTIFIKACUI INTERAKCIJE GENOTIP x SREDINA
TROLINIJSKIH HIBRIDA KUKURUZA

Saidat A. Adeniji, Omolayo J. Ariyo i Gbemisola O. Otusanya’

Department of Plant Breeding and Seed Technology,
Federal University of Agriculture, Abeokuta, Ogun State, Nigeria

Rezime

Interakcija genotipa i spoljasSnje sredine (engl. genotype by environment — GE)
ima veliki uticaj pri odabiru adaptiranih i superiornih genotipova. Zbog toga je
neophodno ocenjivati genotipove kukuruza u razli¢itim okruZzenjima, sezonama ili
lokacijama radi uspes$nog odabira. Dvanaest trolinijskih hibrida kukuruza dobijenih
iz Medunarodnog instituta za tropsku poljoprivredu (engl. International Institute of
Tropical Agriculture — IITA) ocenjivano je na oglednom polju Saveznog
univerziteta za poljoprivredu u Abeokuti, Nigerija (7°15" severne geografske Sirine
1 3°25" isto¢ne geografske duzine) tokom tri vegetacione sezone 2021. i 2022.
godine. Ogled je postavljen u tri ponavljanja. Za identifikaciju stabilnih i
visokoprinosnih genotipova koriS¢eni su aditivni glavni efekti i viSestruka
interakcija (engl. additive main effect and multiplicative interaction — AMMI),
glavni efekat genotipa i interakcije genotip x spoljasnja sredina (engl. genotype and
genotype environment interaction), zdruzena regresija. Analiza AMMI je pokazala
da je ukupna varijansa u prinosu trolinijskih hibrida kukuruza bila raspodeljena na
genotip, sredinu i interakciju genotip x sredina sa udelima od 30,6%, 44,19%
odnosno 25,31%. Na osnovu AMMI analize, genotipovi LW1701-10 i OBA
SUPER-9, koji su kombinovali visok prinos sa stabilnos¢u, bili su najpozeljniji.
GGE biplot analiza je pokazala da su hibridi LW1701-10, OBA SUPER-9 i
LW1701-6 najstabilniji i najpozeljniji genotipovi. ZdruZena regresija je pokazala
da se ucinak genotipova ne moze prikazati na linearan nacin, jer je varijansa
komponente odstupanja iznosila 81,05% i identifikovala je LW1701-6, LW1701-
16, LWI1701-12, LW1701-21, i LWI1701-4 kao stabilne i pozeljne. Studija je
pokazala da su modeli GGE i AMMI bili efikasniji od zdruzene regresije u
ispitivanju stabilnosti prinosa hibrida kukuruza. Studija se bavi poredenjem modela
AMMI, GGE i zdruZene regresije.

Kljuéne redi: interakcija genotip x sredina, stabilnost, AMMI, GGE biplot
analiza, zdruzena regresija.
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