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ABSTRACT

Genotype Main Effects and Genotype -by -Environments Interaction (GGE) model is one of the
frequently used models to capture and analyze Genotype- by-environment Interaction (GEI). The
primary concern of most plant breeders and biometricians is to accurately model and analyze GEI,
However. This could not be achieved in the GGE model as the model works on singular value
decomposition (SVD), a method severely vulnerable to outlying observations. By a Monte Carlo
simulation, this study modified the classical GGE model using three (3) robust SVD/PCA methods
and obtained three (3) candidates GGE models namely: H-GGE, G-GGE and L-GGE. A simulated
GGE multi-environment data was contaminated using pure shift scheme at various levels of
generated outliers (2%,5%,10%,15%,20%,25% and 30%) to test and compare the performance of
the models. The results revealed the vulnerability of the classical GGE model and further
demonstrated robust performance of the modified models at the levels of the outliers used. The
models were successfully tested on real multi-environment trials data involving twelve (12)
genotypes of wheat grown in nine (9) environments obtained from Lake Chad Research Institute
Maiduguri, Nigeria. We recommend to biometricians and plant breeders the use of the modified
models for the robust analysis and interpretations of multi-environments data.

Keywords: GGE model, Simulation, multi-environment, vulnerability, Monte-Carlo,
Outliers, Contamination

1. Introduction

Multi-Environment Trials (METs) are field trials in which series of genotypes (genetic makeup)
are evaluated across multiple environments and over time. The analysis of MET data has evolved
over time, beginning with traditional statistical approaches like ANOVA and progressing toward
the development of numerous advanced modeling techniques (Piepho et al., 2021). The data from
these trials are usually summarized in a two-way table with genotypes in the rows and environment

(location /year combination) in the column or vice versa.

In multi-environment trial (MET) data, variations in phenotypic traits such as yield across different
environments often reveal that genotype and environment effects do not act independently or

additively. This non-additive behavior indicates the presence of Genotype-by-Environment
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Interaction (GEI), where the performance of genotypes varies depending on the environmental
conditions. In other words, a genotype that performs well in one environment may not necessarily
do so in another, highlighting the complexity of breeding decisions and the need for models that

can capture these interactions effectively. (Eeuwijk et al., 2016). The phenotypic variation due to

changing environment is commonly referred to as G X E jnteraction and this is important in

stability analysis of genotypes in breeding program (Danakumara et al., 2023).

One of the biggest challenges in statistical genetics and plant breeding is identifying top-
performing genotypes that consistently show excellent results across varying environmental
conditions and over time (Rodrigues, 2018). To handle this challenge, biometricians have
developed models (parametric and nonparametric) to model and analyse GEI for stability analysis
of genotypes (Mohammadi & Amri, 2008). These models have been applied to data from large-
scale plant breeding experiments conducted in diverse environments and over multiple years

(Bruno & Balzarini, 2024; Mendes et al., 2024).

The parametric models may not perform well if any or all their assumptions are unfulfilled.
Specifically, the assumptions of homogeneity of mean square error (MSE), non-mixture of normal
distribution and data having no outliers (Huehn,1996). MSEs are rarely homogenous in such multi-
environment trials as they are influenced by specific circumstances such as topography, climatic

conditions, and soil fertility (Bowman & Watson, 1997; Oliveira et al., 2023).

Parametric models like AMMI and GGE use singular value decomposition (SVD) on residuals
from a linear model. Since SVD is a least squares method, it is highly sensitive to outliers, and a
single extreme value can distort the leading principal component, leading to misinterpretation and
poor decisions. (Rodrigues et al., 2015; Sofi et al., 2022). To address this issue and create a more
reliable GGE model for analyzing genotype-environment interactions, this study introduces a
robust alternative, aligning with recent calls for more resilient statistical methods in agricultural
science (Gauch, 2023). The proposed method replaces the standard linear fit with a robust M-
regression and substitutes the conventional SVD with a robust SVD approach, making the model

resilient to outliers.

2.1: Genotype Main Effect Plus Genotype-by Environment Interaction (GGE)
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The GGE model captures both genotype main effects and genotype-by-environment interaction,
modifying the traditional AMMI model introduced by Yan et al. (2000). It combines the additive
genotype effect from AMMI with the multiplicative GEI effect. A key advantage of GGE over
AMMI is its consistent explanation of an intermediate portion of the combined sum of squares for
genotype and GEI (Yan & Tinker, 2006; Gauch, 2023). Like AMMI, GGE uses singular value
decomposition to analyze multi-environment trial data (Yan & Kang, 2002, 2003; Yang et al.,
2009), and remains widely applied in modern breeding programs (Mendes et al., 2024). The GGE
biplot (Gabriel, 1971) visually represents relationships among environments, genotypes, and GEI.
It highlights three key aspects (Yan, 2001): (i) GEI structure, enabling grouping of genotypes and
environments with similar patterns, useful for identifying mega-environments (Bhatta et al., 2023);
(i1) environment interrelationships, helping pinpoint optimal and less favorable environments for
genotype evaluation; and (iii) genotype interrelationships, supporting comparisons for yield and

stability, essential for cultivar selection (Yan, 2014; Oliveira et al., 2023).

2.2: Robust PCA Methods

To improve the GGE model, this study uses a few strong PCA techniques that help deal with messy
or complex data. One method, suggested by Hubert and others in 2005, mixes two ideas: looking
for useful directions in the data and using a smart way to measure spread that ignores outliers. This
works well when there are lots of variables. Another method, from Croux and team in 2007, also
looks for patterns but does the searching in a flat grid instead of a big space, which makes it faster.
The third method, by Locantore and colleagues in 1999, puts the data on a round surface and then
runs regular PCA. This trick helps get good results when the data follows a certain shape and is

also very quick to run.

2.3 M-Huber Estimation

Huber (1964) introduced M-estimators within regression analysis, establishing a foundation for
robust estimation methods. These estimators have since been generalized to apply across all
probability distributions, extending the maximum likelihood approach while yielding consistent
and asymptotically normal results. (Heritier et al., 2009). The utility of M-estimation remains
highly relevant, particularly in modern high-dimensional data analysis where robustness is critical
(Maronna et al., 2019). In the context of agricultural statistics, robust regression techniques like
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M-estimation provide a reliable foundation for analyzing data from multi-environment trials,
which are often prone to outliers and heteroscedasticity (Olivares et al., 2022). Here we use the
Huber M estimator to estimate the additive main effects of the robust GGE model, leveraging its

well-established properties to shield the initial model fitting stage from anomalous observations.

3.1 GGE Model

The GGE model proposed by Yan and Hunt (2002) is given by:
— N
Yij = U+ E + X InVinbjn + € (1)

The matrix form in Equation (2) is a direct representation of the element-wise model in
Equation (1). The scalar grand mean p from (1) is expanded into a constant
matrix 1;1;"p in (2). The environment main effects E; are collected into a vector Bj and
spread across rows via 1;f;*. Most importantly, the entire summation term ) AyYinOjn from
(1), which defines the Genotype-by-Environment Interaction, is exactly equivalent to the
product of matrices UDVT in (2), where U contains the genotype scores (y), V contains the
environment scores (), and D is the diagonal matrix of singular values (A). Finally, the

residual errors g; are simply collected into the full error matrix €.

Y=117pu+1, B +UDV" +¢ ()

The matrix (u), with dimensions (I X J), contains the overall average value repeated in all its
entries. The vector () shows the main environmental effects. Matrix (U), sized (I X N), holds the
left singular vectors that describe the interaction patterns. Matrix (D) is a diagonal (N X N) matrix
filled with singular values. Matrix (V), which is (J/ X N), includes the right singular vectors linked

to the interaction. Lastly, (¢) isan (I X J ) matrix that accounts for the random experimental errors.

Singular Value Decomposition on the residual matrix produces UDV/T which is the product of
the matrix U, ofthe left singular vectors, that has / rows and » columns » < min (I, J) withmatrix
D which is a diagonal matrix containing the » singular values and with the transposed matrix V,
of the right singular vectors, that has » rows and J columns (Yan & Kang, 2003; Yan & Tinker,
2006).
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3.1.1 Modification of GGE model

The GGE model, equation (1), comprises of a linear fit (additive part) and an interaction
(multiplicative part). The additive part is estimated using ANOV A method while the multiplicative
part is estimated using a standard SVD applied on the residual matrix. The model is modified in

terms of its estimations as follows:

1. The ANOVA method used in estimating the linear fit (additive part) is replaced with a robust
regression method (M- estimation).
ii. The standard SVD used in estimating the interaction (multiplicative part) of the model is replaced

with robust SVD/PCA methods.
N
Yij =u+E + z AnYinOjn + €1
n=1

e

ANOVA method Standard SVD

! l
Robust Linear Robust SVD/PCA 3)
fit

In these modifications, three robust SVD/PCA methods were used. Thus, a total of three robust

GGE candidate models are proposed which are described below.

a) H-GGE model: This model was developed by substituting the standard singular value
decomposition (SVD) with a robust principal component analysis (PCA) approach
proposed by Hubert et al. (2005). The method integrates projection-pursuit (PP) and robust
covariance estimation using the minimum covariance determinant (MCD) to derive robust

loadings. The implementation of this modification is carried out through a robust linear fit
(rlm).

N
yij=u+E + z AYinOjn + &)

—

Robust Linear fit Robust SVD/PCA 4)
PCAHubert
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b) G-GGE model: This model was derived from a robust grid algorithm defined by Croux et
al (2007) that uses projection-pursuit (PP) via the grid search algorithm instead of the p-
dimensional space to compute PCA estimators. This is implemented using the robust linear

fit (r/im ) and the robust pcaGrid in R programming.

N
yij=u+E + z AnYinOjn + &)

S e —

Robust Linear fit Robust SVD/PCA
(M-Regression) (PCAGrid) (5)

¢) L-GGE model: Here, we have replaced the standard SVD used by the GGE model with

the robust spherical PCA (Locantore et. al, 1999). The modification is implemented using the

robust linear fit (#/m ) and the robust pcalLocantore in R programming.

N
Yij = U+ E + z AnVinOjn + &

n=1
Robust Linear fit Robust SVD/PCA
(M-Regression) PCALocantore) (6)

3.2: Data Simulation of GGE Model

The study simulated a two-way data table following the GGE model with two multiplicative

terms using the matrix structure presented as follows:
Y=1,17 p+1, B + 28+ U[,1]D[1,1]V[, 1]" + 15 = U[, 2]D[2,2]V[, 2]" + ¢ (7)

The matrix structure follows Rodrigues et al/ (2015). The data table comprises of eight
Environments and hundred Genotypes. Presented in table 1 the simulated first 25 by 8 of the two-
way data table.
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Table 1: A Simulated two-way data table of GGE2 model (first 25 by 8 observations)

ELl E2 E3 E4 E5 E6 E7 E8

Gl  15.57491 16.527177 11.337308 18.338735 13.856614 19.525371 17.613944 21.89756
G2  24.69064 8.863903 12.791207 17.959041 21.772571 14.087325 16.260611 16.99394
G3  24.32653 11.408724 14.224000 18.449952 21.144411 15.594146 17.178318 18.61575
G4  23.37650 12.792951 13.582161 20.100223 21.124593 17.723432 18.546859 20.33493
G5 24.56568 8.767831 13.733090 16.071433 20.588246 12.520876 14.954802 15.89346
G6  19.88290 14.777139 16.488039 13.124897 14.095750 13.555447 14.035648 17.71983
G7  22.82155 13.851822 17.197071 14.662337 17.226742 13.790070 15.092740 17.87138
G8  23.36735 14.037043 17.049438 15.896880 18.279445 14.759105 16.015222 18.61759
G9 17.80135 15.994676 13.580140 16.849089 14.600141 17.582438 16.666866 20.60802
G10 20.76082 9.340334 8.661909 20.256698 20.385649 17.057532 17.596331 18.84383
G11 23.48402 15.360794 17.943437 16.314851 18.254632 15.608028 16.627740 19.52827
G12 20.76534 16.029587 14.209037 19.839800 18.359629 19.394302 18.938361 22.07113
G13 19.46779 14.296573 15.093020 14.276762 14.632989 14.405862 14.660651 18.15135
Gl4 24.94667 7.534178 8.866572 23.153754 25.397284 17.778977 19.460186 19.20442
G15 19.53440 12.484446 14.800083 12.438761 14.063232 12.149259 12.988013 16.17542
Gl6 26.01784 10.612035 16.579125 15.694281 20.844613 12.622167 15.269279 16.52060
Gl7 14.65484 24.669075 20.420891 12.643279 7.675535 18.301225 15.673869 22.98399
G18 19.85138 12.855097 15.998520 11.339243 13.520786 11.320037 12.363429 15.72422
G19 17.78852 14.450643 11.760939 17.839093 15.593167 17.782512 16.958428 20.36625
G20 20.32762 15.078146 18.797983 10.228215 12.585079 11.188016 12.193722 16.21258
G21 19.24777 14.275311 14.406690 15.109786 14.988366 15.133610 15.198494 18.62592
G22 22.43997 7.339540 10.009907 17.575286 20.442487 13.666827 15.444242 16.16821
G23 19.81086 16.026354 15.529462 16.316061 15.619040 16.703127 16.483189 20.16524
G24 26.26962 4.461997 10.038636 18.855643 24.536190 12.706269 15.928959 15.09417
G25 10.54498 24.420604 16.360542 13.612095 5.568164 19.925940 15.923202 23.72633

3.3 Pure Shift Qutliers Generation scheme and Data Contamination

To assess the performance of the modified models in relation to the existing GGE model, the study
conducted a pure shift outlier scattered environment contamination scheme in Monte Carlo
simulation study. Here, the outliers were generated from the pure shift scheme normal distributions
N (pt+ko, o) in line with Rocke and woodruff (1996). The percentages of outliers generated are
2,5%, 10%, 15%, 20% and 30%. These are the proportion of entries used to contaminate the

simulated two-way data table.

In this scheme, we used the scattered environments contamination, as the generated outliers were
randomly replaced with entries in the whole simulated two-way data table. These random
generation of the outliers and their subsequent replacements in the simulated data table were
repeated for m=1000 times. Consequently, we obtained 1000 contaminated two-way data table for
every percentage level of outliers. Presented in Tables 2 are the first 50 by 8 of the simulated data

with 2% contamination.
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Table 2.: A simulated data with 2% contamination (first 25 by 8 observations)

E1l E2 E3 E4 E5 E6 E7 E8

Gl 15.57491 16.527177 11.337308 18.338735 13.856614 19.525371 17.613944 21.89756
G2 24.69064 8.863903 12.791207 32.981732 21.772571 14.087325 16.260611 16.99394
G3 24.32653 11.408724 14.224000 18.449952 21.144411 15.594146 17.178318 18.61575
G4  23.37650 12.792951 13.582161 20.100223 21.124593 17.723432 18.546859 20.33493
G5 24.56568 8.767831 13.733090 16.071433 20.588246 12.520876 14.954802 15.89346
G6 19.88290 14.777139 16.488039 13.124897 14.095750 13.555447 14.035648 17.71983
G7 22.82155 13.851822 17.197071 14.662337 17.226742 13.790070 15.092740 17.87138
G8 23.36735 14.037043 17.049438 15.896880 18.279445 14.759105 16.015222 18.61759
G9 17.80135 15.994676 13.580140 16.849089 39.981007 17.582438 16.666866 20.60802
G100 20.76082 9.340334 8.661909 20.256698 41.858344 17.057532 17.596331 18.84383
G1l1l 23.48402 15.360794 17.943437 16.314851 18.254632 15.608028 16.627740 19.52827
Gl2 20.76534 16.029587 14.209037 19.839800 18.359629 19.394302 18.938361 22.07113
G13 19.46779 14.296573 15.093020 14.276762 14.632989 14.405862 14.660651 18.15135
Gl4 24.94667 7.534178 8.866572 23.153754 25.397284 17.778977 19.460186 19.20442
G15 19.53440 12.484446 14.800083 12.438761 14.063232 12.149259 12.988013 16.17542
G16 26.01784 10.612035 16.579125 15.694281 20.844613 12.622167 15.269279 16.52060
G17 14.65484 24.669075 20.420891 12.643279 7.675535 18.301225 15.673869 22.98399
G18 19.85138 12.855097 15.998520 11.339243 13.520786 11.320037 12.363429 15.72422
G19 17.78852 14.450643 11.760939 17.839093 15.593167 17.782512 39.423360 20.36625
G20 20.32762 15.078146 18.797983 10.228215 12.585079 11.188016 12.193722 16.21258
G21 19.24777 14.275311 14.406690 15.109786 14.988366 15.133610 15.198494 18.62592
G22 22.43997 7.339540 10.009907 36.576524 20.442487 13.666827 15.444242 16.16821
G23 19.81086 16.026354 15.529462 16.316061 15.619040 16.703127 16.483189 20.16524
G24 26.26962 4.461997 10.038636 18.855643 24.536190 12.706269 15.928959 15.09417
G25 10.54498 24.420604 16.360542 13.612095 5.568164 19.925940 15.923202 23.72633

3.4 Assessing and Comparing Performance of the Models
The performance of each of the modified models in relation to the existing GGE model were
assessed using the Monte Carlo estimations provided by Hubert ef al (2005) below.
a) Mean squared Error (MSE; Hubert et al (2005)
A 10 2
MSE(%;) == ;’;1(/1]. - /1,-) (8)
/TJ is the estimated singular value for the j-th principal component from the fitted model from the

standard or robust GGE model.
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Aj: This is the true population singular value for the j-th principal component. In a simulation
study, this is a known value set when the data is generated.

m: This is the total number of Monte Carlo replications or simulations run in the experiment.

I: This is an index that specifies a single simulation run out of the total mm replications.

/1]@ is the estimated singular value for the j-th principal component from the /-th specific
simulation run.

Here, for m= 1000 simulations, we computed the deviation of eigenvalues for both contaminated
and uncontaminated simulated data in accordance with the estimation procedure of each model.
The mean square error equation (8), which is the Monte Carlo estimate of the simulations were

obtained. This process was performed for all the models across all levels of contaminations.

b) Mean proportion of explained variability (MPEYV)

2,50 51
m AL4AP 420
=10 A+ 2p 442y

MPEV = %2 )

Ml(l),/ﬁ, /ﬁ..., /Ti: These are the estimated singular values for the first k principal components

from the 1-th simulation run. The value k is the number of components retained by the model 2 for

a biplot.

Ay Ay oy Ap: These are the true population singular values for all pp principal components,

where pp is the maximum possible number of components (the rank of the matrix). This sum

represents the total variability in the true underlying model.
m 1is the total number of Monte Carlo replications or simulations.
l: This is an index that specifies a single simulation run.

For each of the models, the proportion of explained variability was computed in each run of
simulation for m=1000 times, and the Monte Carlo estimate is obtained, which is the mean
proportion of explained variability (MPEV). The procedure is carried out for the various

percentages of contaminations under the study.

¢) Biplot Interpretation
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Biplots help us visually explore how genotypes and environments relate to one another. When
genotypes are similar, they appear close together on the plot, while those that differ are farther
apart. The same pattern applies to environments those with similar characteristics tend to group or

cluster in the same area of the plot.

To illustrate the differences between the models in terms of their biplots, we compared the
biplots produced with contaminated data with the biplots produced without contamination for each
of the models. For the classical GGE model, as the contaminations increased, the positions of the
genotypes (scores) and environmental (loadings) continued to change in plots, as observed in
Figures (1-2). This demonstrated that biplots produced with contaminations behaved differently
from the ones produced without contamination. For instance, at 15% contamination, Figure (2),
we obtained a biplot harder to interpret, and with completely different behavior from the classical
GGE model without contamination. This revealed the impact of the outlying observations on the

classical GGE model.

The modified models produced biplots in Figure (3-5) that are not difficult to interpret even at
extreme contamination levels. This demonstrated the reduced impact of the outlying observations

in the data.
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GGE Model (0% Contamination)
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Figure 1: A biplot of GGE model with no contamination
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GGE Model (15% contamination)
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Figure 2: A biplot of GGE model with 15% contamination
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H-GGE model 15% Contamination
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Figure 3: A biplot of H-GGE model with 15% contamination
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G-GGE model (15% Contamination)
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Figure 4: A biplot of G-GGE model 15% contamination
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L-GGE model (15% Contamination)
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Figure 5: A biplot of L-GGE model with 15% contamination

3.5 Application

We tested our models with multi-environment trials data obtained from Lake Chad Research
Institute, Maiduguri, Borno State, involving twelve (12) genotypes of wheat, in nine (9)
environments of three major locations of the institute across Northeast and Northwest Nigeria,

from 2007-2009.
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Here, we obtained the biplots and the proportion of variation captured by the first two interactions
principal components (IPCs) as accounted by the eigenvalues of each of the models. We presented

the biplots in Figures (4.21-4.24).

GGE Model (Real Data)
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Figure 4.21: A biplot of classical GGE model obtained from real multi-environment data
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H-GGE model (Real Data)
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Figur4.22: A biplot of H-GGE model obtained from real multi-environment data
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G-GGE Model (Real Data)
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Figur4.23: A biplot of G-GGE model obtained from real multi-environment data
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L-GGE model (Real Data)
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Figure 4.24: A biplot of L-GGE model from real multi-environment data

The biplots Figures (4.21-4.24) illustrate the visual relationship between the genotypes and the
environments. Figure 4.21: the biplot of the classical GGE model, indicates that the first two IPCs
accounted for 44.2% of the total variation, Figure 4.22: the biplot of H-GGE model, shows that
75% of the total variation are explained by the first two IPCs, Figure 4.23: biplot of GGE model,
reveals that 74% of the total variation captured by the first two IPCs and Figure 4.24: biplot of L-
GGE model, indicates 72% of the total variation explained by the first two IPCs. The higher the
proportion of variation captured by the IPCs the better the performance of the model. Therefore,

it implies that all the modified models performed reasonably better than the classical GGE model.
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3.5: Results
All statistical simulations and estimations were performed using functions in R 4.1.1 software (R
core Team, 2018). The summary results are presented below.

Table 3: Mean Square Error for 1 and 2™ Interaction Principal Components for 1000
Simulations using Pure Shift Contamination Scheme

Contamination Components Models
GGE H-GGE G-GGE L-GGE
2% IPC 1 8.507 0.0915 0.3130 0.01158
IPC2 47.138 0.1492 1.1349 0.0089
5% IPC 1 36.0593 0.8788 1.0455 0.0692
IPC2 229.406 1.1117 3.7342 0.0198
10% IPC 1 105.081 6.5369 2.6719 0.1912
IPC 2 725.587 8.5389 11.1132 0.019
15% IPC 1 202.5658 7.262 5.0528 0.2999
IPC 2 1332.077 5.589 21.8858 0.0523
20% IPC 1 309.741 9.1951 7.6695 0.3775
IPC 2 1941.498 28.3247 34.8571 0.5546
25% IPC 1 405.3602 9.7745 10.6521 0.4209
IPC 2 2488.94 34.2291 48.2464 0.5237
30% IPC 1 501.0446 8.7501 14.3902 0.4486
IPC 2 2958.746 36.8501 61.7421 0.0496

The results in Tables 3 shows that the L-GGE model consistently recorded the smallest mean
square error for [PCs 1 and 2 compared to the other models at each percentage level of data
contamination. This clearly indicates that the L-GGE not only outperforms the existing GGE
model but all the other modified models. Closely following the L-GGE model is the H-GGE model
which recorded smaller MSE at 2%, 5%,25% and 30% data contaminations. In the overall, the

modified models recorded smaller MSE compared to the existing GGE model.
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Table 4: Mean Proportion of Explained Variability (MPEV) under Pure-shift outlier Scattered

environments contamination Scheme in 1000 simulations

Contamination GGE H-GGE G-GGE L-GGE
2% 106 102 108 90

5% 114 111 115 79

10% 125 135 267 99

15% 134 134 139 121
20% 142 154 149 122
25% 148 114 158 127
30% 153 159 167 131

From Table 4, the result shows that the L-GGE model outperformed the other models by not
overestimating the MPEV at 2%, 5% and 10% data contamination. Though, the model
overestimated the MPEV at the other percentage levels of contamination, it performed reasonably

better than the other models.
3.6: Discussions

The study has examined the fragility of the classical GGE model when fitted with contaminated
two-way data. The contamination of such data occurs either due to measurement errors or influence
of pest/disease on genotypes in some given environments in multi-environments trials often
resulting to lower yields than expected. The classical GGE model works on ANOVA method
applied on the additive part of the model and singular value decomposition (SVD) applied on the
residual matrix. SVD being a least square method is highly sensitive to contamination and in
extreme cases produces misleading results as reported by Rodriques et al (2015)

To handle this situation, this study modified the classical GGE model by replacing the ANOVA
with a robust fit (M-Regression) and have replaced the standard SVD with robust SVD/PCA. Thus,
three (3) robust GGE models (H-GGE, G-GGE, L-GGE) were obtained. These modifications were
performed with the help of robust PCA functions in Multi-Carlo simulation study.

The fragility of the classical GGE model and the performance of the modified models were
iinvestigated using the pure -shift scattered environment contamination schemes in Monte-Carlo
study. The results in Table (3) indicated that across the contamination levels, the mean square error
(MSE) increased for the classical GGE model in higher proportion compared to the modified
models. The lower the MSE, the better the performance of a model and the closer to 100% the
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MPEV, the better estimation as reported in Hubert et a/ (2005). It therefore follows that the
classical GGE model did not perform better than any of the modified models.

The results in Table (3) also indicated that the L-GGE model consistently recorded a lower MSE
compared to other models across the levels of contaminations. In addition, the model recorded
MPEV closer to 100% as shown in Table (4) which means it did not overestimate the mean
proportion of variation. Closely following the L-GGE in performance is the H-GGE model with

lower MSE across the contamination levels.
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