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Abstract: The genotype x environment (GxE) interaction plays an essential role in
phenotypic expression and can lead to difficulties in genotypes recommendation.
Thus, the objectives of this study were: i) propose the Multi-Environment Index
Based on Factor Analysis and Ideotype-Design/Markov Chain Monte Carlo (FAl/
MCMC index), and ii) apply it for soybean genotypes recommendation. To this
end, a data set with 30 soybean genotypes evaluated in 10 environments for
grain yield trait was used. Variance components, genetic parameters and genetic
values were estimated through MICMC algorithm. Environmental stratification
was conducted by factor analyses and the selection of soybean genotypes was
performed using the FAI/MCMLC index. The results indicated the existence of
genotypic variability and GxE interaction. The environments were grouped into
three factors. The predicted genetic gains from indirect selection was 4.81%.
Thus, our results suggest that the FAI/MCMC index can be successfully used in
soybean breeding.

Keywords: MCMC, Glycine max, genotype x environment interaction, mega-
environments, selection index.
INTRODUCTION

Soybean [Glycine max (L.) Merrill] is one of the most widely cultivated crops
worldwide (Silva et al. 2017). Brazil, the United States, and Argentina account
for 81.65% of global production, according to the US Department of Agriculture
(2020). As the environment influences the gene expression of each genotype,
genetic evaluation should be conducted in different environments, that is, under
different edaphoclimatic and crop management conditions. Thus, analyses of
the genotype x environment (GxE) interaction, adaptability, and stability are
key requirements for progress in soybean production programs.

The GxE interaction occurs when the performance of genotypes varies
throughout the environment (Resende 2015, Liu et al. 2017), implying different
genotype rankings in different environments. In soybean crops, the GxE interaction
is of marked importance. This is especially true for the grain yield trait, in which
phenotypic expression is the result of the action of a large number of genes
highly influenced by the environment (quantitative trait). In this context, it is
necessary to use accurate methodologies for genetic evaluation to select and
recommend genotypes with high adaptability, stability, and productivity.
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According to Resende and Duarte (2007), the main method to detect the adverse effects of the GxE interaction is to
identify genotypes with wide stability, adaptability, and productivity. Another technique to understand the adverse effects
of the GxE interaction is to perform environmental stratification. This approach relies on grouping together environments
in which complex GxE interactions do not occur. Environmental stratification is of great practical importance in breeding
programs because it allows the breeder to establish an efficient experimental network, maximizing resource allocation
and permitting a larger number of cultivars to be evaluated (Cruz et al. 2012).

Currently, the standard methodology used for the estimation of variance components and prediction of genetic values
in annual crops is restricted maximum likelihood/best linear unbiased prediction (REML/BLUP), developed by Patterson
and Thompson (1971) and Henderson (1975), respectively. However, compared with Bayesian inference, Fisherian (or
likelihood) inference has the following drawbacks: i) it does not consider the distribution of the components of variance
and genetic parameters, but it considers that of the data; ii) the desirable properties of the point and interval estimation
are based on hypothetical repetitions of the experiment (i.e., an infinite number of repetitions); and iii) there is no
possibility of incorporating prior information into the model (Volpato et al. 2019, Silva et al. 2020). All these factors can
interfere with genetic evaluation.

To identify genotypes close to the ideotypes desired by the breeder and group correlated variables, Rocha et al.
(2018) proposed a multi-trait index based on factor analysis and ideotype-design (FAI/BLUP index). This index takes into
account the genetic correlation structure (exploratory factor analysis), allowing genotypes closest to those idealized to
be identified. Several studies have demonstrated the efficiency and applicability of this index in plant breeding (Rocha
et al. 2018, Rocha et al. 2019, Woyann et al. 2020). Based on the above, the aims of the present study were as follows:
i) to propose a multi-environment index based on factor analysis and ideotype-design/Markov chain Monte Carlo (FAl/
MCMC index) and ii) apply it to soybean genotype recommendation.

MATERIAL AND METHODS

Experimental data

Thirty soybean lines belonging to the 6-7 relative maturity group were evaluated in 10 municipalities (environments
E1to E10) (Table 1) during the 2013/2014 crop year. The experimental design was a randomized complete block design
with three replicates. Each plot consisted of four 5-meter lines spaced 0.5 m apart and between plots. At maturity,
the two central lines were harvested, totaling a usable area of 5 m?. Grain yield was evaluated (kg ha), with humidity
corrected to 13% moisture. Management techniques followed recommendations for soybean cultivation at each site.

Table 1. Geographic coordinates and climatic characteristics of the 10 environments and climatic characteristics average of mega-
environments 1 (ME1), 2 (ME2) and 3 (ME3)

Altitude

Environment ha Latitude Longitude Annu(anlqgrzc;silt)aﬁon Relativei[;;l)umidity Temperature(fg)nual average
1 590 -22.9948 -51.1858 5.23 78.05 21.35

2 563 -24.6181 -53.3218 4.99 78.51 21.07

3 430 -22.2211 -54.8056 3.40 71.23 23.76

4 762 -24.2749 -52.5114 4.60 77.62 21.34

5 364 -23.0652 -54.1906 3.41 73.43 23.32

6 333 -24.2817 -53.8304 4.63 76.78 22.27

7 655 -22.5365 -55.7267 4.37 76.74 22.52

8 736 -23.3105 -51.3695 3.89 74.00 21.82

9 384 -23.0597 -51.0332 3.15 68.24 23.23

10 560 247199 537433 523 7805 235
ME1 - - - 4.21 75.94 22.31

ME2 - - - 4.70 76.85 21.41

ME3 - - - 4.04 73.57 22.72
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Statistical analyses

The Bayesian statistical model associated with the evaluation of genotypes in a randomized complete block design,
with one observation per plot in several (10) environments, is given by the following equation:

y=Xf+Zg+Ti+e,

where yis the vector of phenotypic data [y|f,g,i, 6;, 6%62,~N(Xf+Zg+Ti,R® ], 62 is the genetic variance, 62is the GxE
interaction variance, 62 is the residual variance, and / is an identity matrix, fis the vector of the replication-environment
combination that comprises the systematic effects of environment and replication within the environment (added
to the overall mean), g is the vector of genotype effects [g |Ié§ ,~N (0, 162)], i is the vector of G x E interaction effects
[i [162,~ N (0, /67], and e is the vector of residuals [e [/62,~ N (0, I62)]. The uppercase letters X, Z, and T refer to the
incidence matrices for f, g, and i effects, respectively.

The posterior densities for the parameters followed the joint posterior distribution, as calculated using the following
equation:

PIf, 9,i, 6%, 63 6 y) = Plylf, ,i, 62, 62 67) x P(f) x Plg| 62) x P(i] 63 x P(6?) x P67 x P(6?)

N

where P(f, g, i, 62, 62 62 |y) is the joint posterior distribution obtained by the multiplication of the likelihood function,
P(ylf, g,i, 6;, 67 62), with the following prior distributions: P(f), P(gléé), P(i| 63, P(6§), P(6?, and P(62). In the Bayesian
statistical model, a uniform distribution was assumed for the systematic effects, normal distributions for the random
effects, and scaled inverted Chi-squared distributions for the variance components. The number of iterations was
4.000.000, with an assumed burn-in period of 400.000 and sampling interval (thin) of 40 iterations, which provided
90.000 chains. The package boa (Smith 2007) was used to check the convergence according to Geweke (1992), Raftery
and Lewis (Raftery and Lewis 1992)’s criteria.

The variance components, genetic and non-genetic parameters, genetic and high posterior probability (HPD) values
were estimated by Gibbs sampling algorithm using Markov chain Monte Carlo (MCMC) methods, accounting for a vague
prior, using the MCMCglmm package (Hadfield 2010) in R (R Development Core Team 2019). The degree of reliability
parameter (nu) was defined as 0.02 (Hadfield 2010).

The random effects significance was tested by removing one effect of the full model at a time (genetic and GxE
interaction) and calculating the deviance information criterion (D/C). The DIC was calculated using the following equation
(Spiegelhalter et al. 2002):

DIC = D(6) + 2pD,

where D(0) is a point estimate of the deviance obtained by replacing the parameters with their posterior mean estimates
in the likelihood function, and pD is the effective number of parameters in the model. The lower the value of DIC, the
better is the model adjustment.

The phenotypic variance (6ihen), heritability of individual plots in the broad sense (h é), coefficient of determination
of the GxE interaction effect (c?), coefficient of determination of residual effects (c2 ), genotypic correlation through

res
environments (r ), and genotypic correlations between pairs of environments (rp ) were obtained using the mean of

genv env

the posterior distribution of the variance components. Contrastingly, the selective accuracy (Fgg) was calculated using
the standard errors of the estimated genetic values (Resende et al. 2014).

A correlation network was used to graphically express the genetic correlations between environments. In such networks,
the proximity between the nodes (traces) is proportional to the absolute value of the correlation between these nodes
(Fruchterman and Reingold 1991). The thickness of the edge was controlled by applying a cut-off value of 0.60; Thus,
only the edges of |r,.j| > 0.60 were highlighted. This analysis was performed using the Rbio software (Bhering 2017).

Environmental stratification and genetic recommendation

The genetic values estimated by Bayesian inference were used to compose the FAI/MCMC index for environmental
stratification and genetic recommendation. This index uses factor analysis, and the number of factors is determined based
on the minimum eigenvalue (0.7) (Rocha et al. 2018). The factor analysis model used is given by the following equation:
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X=IF +I|F +"'+/mFm+Ej

J ji 1 j1i 1

where Xj is the j* environment, with j=1,2,...,k; ljk is the factorial load for the j* environment associated with the k* factor
(k=1,2,....m); F.is the k" common factor; and € is the specific factor. In this case, the number of factors was established
such that the average proportion of variance of the environments explained by the common factors (commonality)
reached approximately 80% (Rocha et al. 2018). The main goal of factor analysis is to describe the original variability of
random vector Y (genetic values) in terms of a smaller number of random variables, called factors, which are initially
unknown (Mingoti 2007).

To recommend genotypes based on the grain yield trait, considering all environments together, the FAI-MCMC index
was used. This index uses factor analysis with the proposition of ideotypes to explore the covariance between variables,
which in the current study refers to the grain yield. The FAI-MCMC index aims to select genotypes with the shortest
distance from the ideotypes of interest, considering maximum productivity in all environments as an ideotype, using

the following equation (Rocha et al. 2018): )

p. = _ Y,
y - le:n;{':mi
i=1;j=1 dij

where Pis the likelihood of the genotype i(i = 1,2,...,n)being similar to the ideotype j(j = 1,2,...,m), and dij is the mean
standardized Euclidian distance between genotype i and ideotype j. Environmental stratification was performed using
the routine developed by Rocha et al. (2018) in R (R Development Core Team 2020). Selection gains, considering the
genotypes selected by the FAI-MCMC index, were obtained using the following equation (Evangelista et al. 2021):

SG=_"mCY |

p

where GV is the genetic value of genotype i and p is the number of selected genotypes. A selection intensity of 20%
was considered, indicating the selection of six genotypes.

RESULTS

For all variance components as well as genetic and non-genetic parameters, convergence of the chains was achieved
according to the absolute values of the Z statistic (between -1.96 and 1.96) by Geweke’s convergence criterion (Geweke
1992) and the values of the dependency factor (below 5) by Raftery and Lewis convergence criterion (Raftery and Lewis
1992) (Table 2). DIC values indicated that the best fit model was the complete model, indicating significance for the
random effects of the model (genotype and GxE interaction effects). The HPD intervals, from the posterior densities of
the genetic and non-genetic parameters, indicated significance for all parameters no interval contained the zero value.

The genotypic, GXE interaction, and residual effects explained 19%, 21%, and 60% of the phenotypic variance,
respectively (Table 2). The genetic correlation across environments (rg was 0.47, and the selective accuracy was

env)

Table 2. Convergence diagnostic for the random effects of the model, based on Geweke and Raftery & Lewis criteria, model selection
by deviance information criterion (DIC) and variance components estimates, with their respective HPD intervals, for grain yield trait
evaluated in 30 soybean genotypes in ten environments

Convergence criterion

vc: - DIC Estimate R%®
Geweke Raftery & Lewis

s 13582.86 46953.31

o 0.594 0.999 — 0.19

e ettt s \20#00:22 - 79208, 96)

. 13489.91 53100.32

G2 -0.265 1.014 0.21

5.53 - 71892.32)

&2 -0.605 0.998 - 0.60

7.69 - 165606.04)

62h - - 13460.57* : -
phen (213782.90 - 285961.80)
62: genetic variance; 62 genotype x environment interaction variance; 62: residual variance; 6;2": phenotypic variance; *: selected model. ? Variance component; ® Coef-
ficient of determination.
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Figure 1. Environmental stratification, based on the factor analysis considering the ten environments (1-10). MS: Mato Grosso State;
PR: Parana State; SP: Sdo Paulo State.

0.90. The environments were grouped into three factors, in which each factor represented a group of environments
(Figure 1). Four of the ten environments were grouped in factor one (1, 3, 7, and 9), three environments were grouped
in factor two (2, 8, and 10), and three environments were grouped in factor three (4, 5, and 6) (Table 3). The average
commonality (i.e., the common variance explained by the factors) accounted for 84% of genetic variability present in
the 30 soybean genotypes evaluated across the 10 environments.

Genetic correlations between pairs of environments were graphically expressed using correlation networks (Figure
2). The mean correlation values obtained in mega-environments 1 (ME1), 2 (ME2), and 3 (ME3) were 0.76, 0.64, and
0.73 respectively. The mean precipitation, relative humidity, and temperature for each mega-environment are presented
in Table 1. It can be observed that ME2 presented higher precipitation and relative humidity, whereas ME3 presented
the lowest values of these environmental characteristics.

The estimated genotypic values in each environment were used to design an ideotype for the grain yield trait.
Considering a selection intensity of 20%, genotypes 5, 6, 9, 15, 21, and 28 were selected (Figure 3) as those with
excellent adaptability, stability, and productivity. The predicted genetic gain from indirect selection (for all environments

Table 3. Environmental stratification by factor analysis, considering 30 soybean genotypes evaluated in 10 environments based on
estimated genetic values; and predicted selection gain (SG), considering each environment individually and all environments, by FAI-
MCMC index, with selection intensity of 20%

Environment FA1 FA2 FA3 Communality SG (kg ha?) SG (%)
E1 -0.843 0.317 -0.265 0.882 (0.07) 188.378 5.069
E2 -0.424 0.58 -0.574 0.847 (0.07) 215.337 5.816
E3 -0.816 0.185 -0.407 0.866 (0.07) 178.108 4.783
E4 -0.19 0.176 -0.918 0.909 (0.07) 70.976 1.912
E5 -0.435 0.3 -0.749 0.841 (0.07) 186.532 5.02

E6 -0.485 0.478 -0.584 0.806 (0.07) 330.125 8.878
E7 -0.624 0.189 -0.58 0.762 (0.07) 191.164 5.144
E8 -0.431 0.639 -0.288 0.700 (0.07) 133.311 3.596
E9 -0.886 0.231 -0.201 0.878 (0.07) 199.344 5.364
E10 -0.137 0.932 -0.163 0.914 (0.07) 92.771 2.498
Average - - - 0.84 178.605 4.808

Bold numbers indicated the factor that the environments belong to. FA1: Factor 1; FA2: Factor 2; and FA3: Factor 3. The standard deviations are indicated between the

parentheses.
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simultaneously) was 4.81% (Table 3). Moreover, genetic gain
was verified in all the environments with indirect selection.

DISCUSSION

The DIC criterion is widely used for model selection in
Bayesian inference and is largely applied in plant breeding
(Nascimento et al. 2020, Silva et al. 2020, Peixoto et al.
2021). The values of DIC and HPD indicate the significance
of the genotype and GxE interaction effects on grain yield
traits. Therefore, there is genetic variability between the
genotypes evaluated, in addition to a GxE interaction.
Resende (2015) found that a broad estimate of heritability
presents a moderate magnitude (0.15 < hé < 0.50). This
value represents the expected grain yield trait in soybean,
once the trait assessed is considered a quantitative trait
and is largely influenced by environmental effects (Soares
et al. 2020).

In addition to the presence of GxE interaction, the
observed genotypic correlations across environments
showed moderate magnitude (0.47) (Resende and
Alves 2020), and the coefficient of determination for
GxE interaction was higher than 0.10. The experimental
network analyzed was distributed in a tropical area with a
marked latitudinal variation among the sites; hence, the
existence of a complex GxE interaction was indicated. This
result suggests the need for the development of efficient
statistical methods for the selection and recommendation
of soybean genotypes.

The results of the factor analyses indicated that the first
three factors accounted for more than 84% of the variation
in the data. This split the ten environments into three mega-
environments. Each environment that contributed high
values to each factor belonged to this factor. Furthermore,
the groups of environments in each factor did not present
complex GxE interactions. This led to the evaluation and
recommendation of any of those genotypes to such areas
and demonstrated that GxE interactions did not affect the
ranking of the genotypes due to the environments inside
the mega-environments.

Genetic correlations between pairs of environments
were estimated to verify the consistency of the mega-
environments. The environments of ME1 and ME3
showed strong correlations. Correlations of moderate
magnitude were presented by environments of ME2. The
magnitude of genetic correlations observed between pairs
of environments in each mega-environment suggests that
similar information about the genotypes can be retrieved
with a smaller number of environments (Teodoro et al.
2018). This makes it possible to reduce the environments

Magm.m 0 8%

Figure 2. Correlations network among the evaluated environ-
ments. ME1, ME2 and ME3 represent the Factor 1, Factor 2,
and Factor 3, respectively, grouped by the factor analysis; the
thickness of the traces is proportional to the magnitude of the
correlation.

2 1

16 27

-——@—— FAI-BLUP index

Selection intensity O Selected genotypes

Figure 3. Genotype ranking, and the six genotypes selected by
the FAI-MCMC index.
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used as sites for the evaluation of soybean lines and reduce costs in breeding programs.

Bayesian inference requires that the estimated parameters must be based on mean posterior marginal distributions,
such that any uncertainty about the parameters is considered (Wakefield 2013). This inference also allows estimation
in samples of reduced finite size, and the Bayesian inference credibility or HPD intervals are constructed to qualify in
terms of final probability, which is the valid probability for the observed sample rather than possible repetitions or
hypothetical results, thus leading to more accurate interval estimates (Gianola and Fernando 1986, Ehlers and Brooks
2004). Accordingly, using Bayesian inference estimates in mega-environment delimitation allows the breeder to eliminate
similar environments within each mega-environment, without losing efficiency or even precision in the selection process.

Selective accuracy is a parameter that estimates the reliability in the prediction of genetic values. This has the
characteristic of informing the reliability of the inference from a genetic perspective, measuring the correlation
between the estimated and real genotypic values. According to the criteria of Resende and Alves (2020), the selective
accuracies estimated in this study were considered very high (rég > 0.90), which is a favorable scenario for genotype
recommendation. In recent years, increases in soybean yields have been reported (Gongalves et al. 2020), and the main
factor responsible for this result is the increased accuracy of evaluation methods and a better understanding of GxE
interactions (Van Eeuwijk et al. 2016).

The FAI-MCMC index combines factor analysis with the proposition of ideotypes, exploring covariance between
environments and enabling the use of genotypic values capitalized by GxE interaction effects (Rocha et al. 2018), thus
leading to the selection of genotypes with greater adaptability, stability, and productivity. By selecting the six best
genotypes using the FAI-MCMC index, gains were achieved in the desired direction for all environments evaluated, in
addition to a considerable gain with indirect selection (for all environments simultaneously).

This index was also useful in selecting soybean genotypes, since it led to the selection of adaptable and stable
genotypes that provided considerable predicted gains with selection for the grain yield trait. The use of the FAI-MCMC
index in the recognition of mega environments and in the recommendation of genotypes with high stability, adaptability,
and productivity in each mega-environment, as proposed in this study, demonstrates the potential to improve the
recommendation of soybean genotypes.

CONCLUSIONS

The FAI-MCMC index was efficient and can be used for selecting adaptable, stable, and productive genotypes for
mega-environments, achieving considerable gains for all environments. The selected genotypes that had excellent
adaptability, stability, and productivity were 5, 6, 9, 15, and 21. Thus, the use of the FAI-MCMC index has the potential
to improve genotype recommendations in soybean breeding.
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