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Outcomes or crop yields of on-farm trials are affected 
by environmental factors such as climate, weather, 
soil, and topography, as well as by organisms that live 

in the system where the trials are conducted. To farm success-
fully in a complex and constantly changing environment, it is 
important for farmers to be open to new ideas and for manage-
ment practices to be more efficient.

Until recently, farmers often conducted experiments to test 
new techniques that would improve their production systems. 
However, farmers understand that to draw conclusions with 
lower probability of error, it is crucial to make correct use of 
statistical science. Statistical science helps scientists and farm-
ers determine whether the differences they observe are due 
to the different treatments (practices) or merely the result of 
chance alone, within certain levels of probability. For example, 
when farmers test new practices on their farms, they need to 
know whether the observed effects on crop yield or quality, soil 
organic matter, or water infiltration are the result of natural 
variation that occurs within the field or of the tested treatments. 
In general, the on-farm research process uses clearly defined 
statistical methods to identify and isolate the effects of natural 
variation so that the true effects of changing practices are more 
clearly detectable. For this reason, it is very important for breed-
ing scientists and farmers to be well trained in statistical meth-
ods (or have good collaboration with statisticians) to be able to 
use the appropriate statistical techniques.

Farmers often need to know the genetic properties of some 
target traits to select the best crop genetics. Since some traits 
are associated with each other, the selection of a trait may affect 
other traits, either negatively or positively (Cruz et al., 2012). 
Thus, it is important to determine the correlations between 
traits of interest, which may arise from gene links or pleiotropy. 
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AbstrAct
Multivariate analysis is preferred over univariate analysis in 
plant breeding studies because it can exploit correlated traits 
and environments, whereas Bayesian analysis provides a natu-
ral way to incorporate prior knowledge and inferences that are 
conditional on the observed data. The objective of this paper is 
to show how to use multivariate Bayesian analysis for estimat-
ing random effects of genotype × environment and genotype × 
environment  × trait combinations, and for computing geno-
typic and phenotypic correlations among traits and environ-
ments. Data were collected from on-farm trials conducted by the 
International Maize and Wheat Improvement Center (CIM-
MYT) to evaluate bread and durum wheat lines in the Yaqui 
Valley of southern Sonora, México, during three crop seasons 
(2012, 2013, and 2015). The Bayesian multi-trait and multi-
environment model with Gibbs sampler provides an analytic 
solution that can be used as an alternative for analyzing on-farm 
multiple-trait and multiple-environment data because it allows 
making parsimonious, precise and simultaneous estimations of 
random effects, genetic correlations (of traits and environments) 
and residual correlations of traits. The multivariate Bayesian 
model successfully fitted three of the four data sets (2012, 2015, 
and combined cropping seasons), but did not fit well the data 
of crop season 2013. For three out of five traits under study in 
this crop season, the correlations between the observed and pre-
dicted phenotypic values were lower than 0.6, suggesting that 
the predicted values were not very close to the observed values.
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to increase prediction power.
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Direct and indirect selection for a trait can be implemented to 
obtain genetic gain, since genetic correlations between traits 
indicate the direction and magnitude of correlated responses 
to selection. However, univariate selection criteria may not 
generate satisfactory genetic gains for all traits assessed when 
the traits are correlated. This is because the traits are evalu-
ated simultaneously and brought together in a single genotype, 
which makes selection more difficult, since it may be influ-
enced by the correlations between traits, whose direction and 
magnitude depend on the association between them (Berilli et 
al., 2013). For this reason, it is also very important to perform 
indirect selection and calculate optimal multiple trait selection 
indices (Falconer and Mackay, 1996). Therefore, multivariate 
analysis is a useful approach to select genotypes holding a set of 
desirable traits and obtain favorable genetic gains.

Many plant breeding scientists, when conducting on-farm 
studies, measure and collect multiple response variables to 
increase their understanding of the complex nature of particular 
phenomena under field conditions. However, most of the analyses 
reported by breeding scientists and farmers are univariate (only 
one response at a time), which does not take advantage of corre-
lated traits to increase the precision of parameter estimates or pre-
diction accuracy. Two decades ago, using the univariate analysis 
paradigm was justified by the complexity of multivariate analyses 
and the lack of user-friendly software. Nowadays, there is much 
more user-friendly software for multivariate analysis (some of it is 
open access); however, the univariate analysis paradigm continues 
to dominate among breeders and farmers. For this reason, we 
believe that the reluctance to adopt the multivariate paradigm 
for analyzing on-farm and breeding data is mainly due to lack of 
appropriate training in multivariate statistical techniques.

Multivariate analysis refers to a broad category of methods 
when multiple response variables are measured on a set of 
experimental units or sampling objects. In statistical analysis, all 
random variables measured on each experimental or sampling 
unit are analyzed simultaneously. Multivariate methods have 
been described in crop, soil, and agronomic literature (Yeater et 
al., 2014). The use of multivariate methods is relatively limited, 
despite evidence that multivariate analyses are powerful tools for 
selecting cultivars in plant breeding programs and reducing the 
probability of wrong decisions when decisions are made based 
on the output of experiments conducted by breeders or farmers. 
Also, many studies that compare the use of multivariate mixed 
model analysis and traditional univariate analysis for selecting and 
identifying superior maize (Zea mays L.) lines have shown that the 
multivariate approach is better because it identifies the existing 
(co)variation between the response variables (Hair et al., 2007).

Multivariate analysis also improves accuracy when classifying 
and identifying superior genetic components (Coimbra et al., 
2007; Schmit et al., 2016) and helps scientists understand the 
type of allele interaction involved in heredity and the relation-
ships between specific traits (Bertan et al., 2009; Castro et al., 
2013; Huang et al., 2015).

In this paper, we propose a multivariate Bayesian analysis to 
estimate random effects for genotype × environment and geno-
type × environment × trait combinations and to estimate geno-
typic and phenotypic correlations among traits. The data came 
from CIMMYT’s Global Wheat Program and were collected 
in farmers’ fields in the Yaqui Valley during three cropping 

seasons (2012–2013, 2013–2014, and 2015–2016) (Vargas 
Hernández et al., 2018). Four farmers participated in the study; 
each planted own trials in different parts of the field using own 
agronomic practices including irrigation. The five traits (grain 
characteristics) analyzed in this study were thousand-grain 
weight (W1000), grain moisture (MOIST), grain yield (GY), 
“black point” disease scores (PPB), and grain quality scores of 
yellow berry (PYB).

Note that in the paper of Vargas Hernández et al. (2018), the 
authors studied the interaction between wheat lines with envi-
ronments in on-farm trials of bread and durum wheat in the 
Yaqui Valley region of southern Sonora, México, using a linear 
mixed model with the Factor Analytic (FA) model for a univari-
ate trait, grain yield. This study used the same data sets of Vargas 
Hernández et al. (2018) where an environment was defined as 
the combination of farmer (and place within a farmer)–irriga-
tion (full and reduced irrigations)–cropping season (yr). It 
should be noted that the same farmer could have planted trials 
in different parts of his/her farm, which were therefore consid-
ered different environments.

MAterIALs And Methods
Phenotypic data

Bread and durum wheat lines were evaluated in on-farm tri-
als for grain yield and other grain characteristics during three 
cropping seasons (2012–2013, 2013–2014, and 2015–2016) in 
the Yaqui Valley of southern Sonora, México. The genotypes 
belong to two crop types: bread wheat and durum wheat. In the 
first cropping season (2012–2013), 33 genotypes (17 bread and 
16 durum wheats) were evaluated; in the second (2013–2014), 
33 genotypes (14 bread and 19 durum wheats) were evaluated; 
finally, in the third cropping season (2015–2016), only 24 geno-
types were evaluated (12 bread and 12 durum wheat) (Vargas 
Hernández et al., 2018:Table 1). The complete data had a treat-
ment (genotype) imbalance structure because the genotypes 
evaluated were different in all three cropping seasons. In total, 
there were 53 genotypes for bread and durum wheats. In addi-
tion, the number of on-farm trials was different in each crop-
ping season: Six environments/locations in the 2012–2013 and 
2015–2016 cropping seasons, and five in the 2013–2014 crop-
ping season. The frequency of each genotype evaluated in each 
environment (trial) within each cropping season and the imbal-
ance patterns are shown in Table 1. In each trial, the wheat lines 
were planted using a randomized complete block design with 
two replicates. Each experimental unit was six beds wide, and 
the bed size ranged 75–80 cm wide × 8 m long.

The notations of the individual environments were as fol-
lows: the letter F followed by a number stands for the different 
farms (F1 for farm 1, F2 for farm 2, and so on); the next let-
ter represents the irrigation scheme (F for full irrigation, or R 
for reduced irrigation) applied in the same or different farms. 
Finally, lower-case letters ‘a’ or ‘b’ indicate different places where 
the trial on one farm was established under the same irrigation 
scheme, that is, one farmer using irrigation may have established 
two trials in different places on the same farm (this represents 
another environment within that particular farm).

In the combined analysis, we simply added two digits to 
indicate the cropping seasons (12 for 2012–2013; 13 for 2013–
2014; and 15 for 2015–2016). For example, 12F1Fa stands for ‘a’ 
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Table 1. Number of bread wheat (BW) and durum wheat (DW) lines evaluated in the different trials in each of the three cropping seasons 
(2012–2013, 2013–2014, 2015–2016). Each trial between cropping season corresponds to a different farmer and irrigation regime. Empty 
cells indicate an imbalance in the data (from Vargas Hernández et al., 2018).

No. Crop

Cropping season 2012–2013 Cropping season 2013–2014 Cropping season 2015–2016

Total
Environment Environment Environment

F1Fa† F1Fb F1Ra F1Rb F2F ‡F3F F1Fa F1Fb F1Ra F1Rb F2F F1Fa F1Fb F1Ra F1Rb F2F ‡F4F
1 BW 2 2 2 2 2 2 – – – – – – – – – – – 12
2 DW_C 1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 23
3 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
4 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
5 BW – – – – – – 1 1 1 1 1 – – – – – – 5
6 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
7 DW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
8 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
9 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
10 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
11 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
12 DW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
13 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
14 BW 1 1 1 1 1 1 – – – – – – – – – – – 6
15 BW 1 1 1 1 1 1 – – – – – – – – – – – 6
16 BW – – – – – – 1 1 1 1 1 – – – – – – 5
17 BW 1 1 1 1 1 1 – – – – – – – – – – – 6
18 BW 1 1 1 1 1 1 – – – – – – – – – – – 6
19 BW – – – – – – 1 1 1 1 1 – – – – – – 5
20 BW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
21 BW – – – – – – 1 1 1 1 1 – – – – – – 5
22 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
23 BW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
24 BW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
25 DW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
26 DW 1 1 1 1 1 1 – – – – – – – – – – – 6
27 DW 1 1 1 1 1 1 – – – – – – – – – – – 6
28 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
29 BW – – – – – – – – – – – 1 1 1 1 1 1 6
30 BW – – – – – – – – – – – 1 1 1 1 1 1 6
31 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
32 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
33 DW – – – – – – 1 1 1 1 1 – – – – – – 5
34 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
35 DW – – – – – – 1 1 1 1 1 – – – – – – 5
36 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
37 DW – – – – – – 1 1 1 1 1 1 1 1 1 1 1 11
38 DW 1 1 1 1 1 1 1 1 1 1 1 – – – – – – 11
39 DW 1 1 1 1 1 1 – – – – – – – – – – – 6
40 BW 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 17
41 BW – – – – – – – – – – – 1 1 1 1 1 1 6
42 BW – – – – – – – – – – – 1 1 1 1 1 1 6
43 BW – – – – – – – – – – – 1 1 1 1 1 1 6
44 DW – – – – – – – – – – – 1 1 1 1 1 1 6
45 DW – – – – – – 1 1 1 1 1 – – – – – – 5
46 DW – – – – – – 1 1 1 1 1 – – – – – – 5
47 DW – – – – – – 1 1 1 1 1 – – – – – – 5
48 BW 1 1 1 1 1 1 – – – – – – – – – – – 6
49 DW – – – – – – – – – – – 1 1 1 1 1 1 6
50 DW – – – – – – – – – – – 1 1 1 1 1 1 6
51 DW – – – – – – – – – – – 1 1 1 1 1 1 6
52 DW – – – – – – – – – – – 1 1 1 1 1 1 6
53 DW – – – – – – – – – – – 1 1 1 1 1 1 6

Total 33 33 33 33 33 33 33 33 33 33 33 24 24 24 24 24 24
† F1Fa, farm 1 (F1), full irrigation (F), first plot (a); F1Rb, farm 1 (F1), reduced irrigation (R), second plot (b).
‡ F3F (F4F), farm 3, full irrigation in cycles 2012–2013 and 2013–2014; and farm 4, full irrigation in cycle 2015–2016.
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plot (place on the farm of farmer 1 in the 2012–2013 cropping 
season under full irrigation). Different traits were measured: 
W1000 (gr), MOIST (%), GY (tons ha–1), PPB (%), and PYB 
(%). The experimental design in each environment (farmer, irri-
gation level, and cropping season) was a randomized complete 
block design with three replicates.

First, the best linear unbiased estimations (BLUEs) of geno-
types were computed for each trait based on a two-stage analysis 
approach (Piepho et al., 2012). These BLUEs were obtained 
with the lme4 library of the R statistical software (R Core 
Team, 2018) under a frequentist framework. In the first stage, 
BLUEs were obtained by fitting the following mixed model in 
each trial (environment) in each cropping season: Trait ~μ + 
Replicates + Genotype + error, where the common mean (μ) 
and genotypes were treated as fixed factors, whereas replicates 
and model error were assumed as random. The replicate implies 
an independent repetition of the basic experiment which, as 
mentioned above, was a randomized complete block design. 
This implied that each genotype (treatment [TRT]) was applied 
in two independent experimental units. Afterward, BLUEs 
computed in this first stage for each environment were com-
bined together for each cropping season. This means that for 
each cropping season under study, we built a data set composed 
of information on environments, crop type, genotypes, and one 
column for each trait included in the study.

The BLUEs across crop types were obtained using the follow-
ing model: Trait ~μ + crop-type + Genotypes + error, where 
crop type and genotypes were assumed fixed and only the model 
error was assumed random. With the resulting BLUEs, for each 
cropping season we built a data set with information on environ-
ments, genotypes, and traits; with the information from each 
cropping season, we implemented the multivariate Bayesian 
model described in the next section. We attempted to implement 
a combined multivariate Bayesian analysis with the information 
from the three cropping seasons, but due to the large Genotype 
or TRT imbalance, this was not possible. For this reason, to be 
able to do a combined analysis, we adjusted the BLUEs from 
the first step also by cropping season, using the following mixed 
model: Trait ~μ + crop-type + Cropping season + Genotypes 
+ error, where only the model error was assumed random and 
the other terms were assumed as fixed effects; these BLUEs were 
used for the multivariate Bayesian combined analysis.

Multivariate statistical Model

To jointly model multiple-trait and multiple-environment 
data, we propose the following mixed model: 

Y = Xβ + Z1b1 + Z2b2 + e [1]

where Y is the matrix of response variables of order n × L, where 
L represents the number of traits, X is the incidence matrix of 
environments of order n × I, β is the fixed effect of environment× 
traits of order I × L , Z1 is the incidence matrix of genotypes of 
order n × J , b1 is the random effect of genotype × traits of order 
J × L , Z2 is the incidence matrix of genotype × environment 
of order n × IJ, b2 is the random effect of genotype × environ-
ment × traits of order IJ × L and e is the residual matrix of order 
n × L. Also, b1 is distributed under a matrix variate normal 
distribution as NMJ×L (0, Gg, Σt) with Σt an unstructured 

covariance matrix of order L × L, ( )2 ~ , ,JI L E tNM ´ Ä0 gb GS S  
and ( )~ , ,×n L n eNM 0 Re I , all independent of each other, where 
⊗  denotes a Kronecker product, with ΣE an unstructured covari-
ance matrix of order I × I. gG  is the genomic relationship matrix.

The matrix variate normal distribution is a generalization 
of multivariate normal distribution. In particular, the (n × p) 
random matrix, M, is distributed under a matrix variate normal 
distribution denoted as M ~ NMn×p (H,Ω,Σ), if and only if, 
the (np × 1) random vector vec(M) ~ Nn×p (H,Σ⊗Ω), where 
NMn×p denotes the (n × p) dimensional matrix variate normal 
distribution, H is a (n × p) location matrix, Σ is a (p × p) first 
covariance matrix, and Ω is a (n × n) second covariance matrix 
(Srivastava and Khatri, 1979). The first matrix corresponds to 
the rows and the second to the columns of the matrix normal 
distribution M. vec (.) and ⊗  are the standard vectorization 
operator and Kronecker product, respectively.

The Bayesian multiple-trait and multiple-environment 
(BMTME) model resulting from Eq. [1] was implemented by 
Montesinos-López et al. (2016). Here we provide a modified 
version of the original BMTME model proposed by Montesinos-
López et al. (2016). The modified BMTME model assumes as 
prior for the covariance matrices of traits and environments an 
inverse Wishart (IW) distribution which is a natural conjugate 
prior for the covariance matrix of a multivariate normal distribu-
tion. This distribution has two parameters (Σ denotes a positive 
definite scale matrix and ν denotes the degrees of freedom) and 
it is the multivariate extension of the inverse-γ distribution used 
as prior for variances. Two reasons for using IW distribution are 
(i) it is a conjugate prior for the covariance matrix of multivariate 
normal distributed variables, which implies that when it is com-
bined with the likelihood function, it will result in a posterior 
distribution that belongs to the same distributional family; and 
(ii) it ensures positive definiteness of the covariance matrix. Its 
main disadvantage is that this distribution is quite informative 
when variances are small, resulting in a strong effect of the prior 
distribution on the parameter estimates. The modified full con-
ditionals of this modified BMTME model, which supports the 
Gibbs sampler given above, is given in Appendix A.

Below we outline the Gibbs sampler for estimating param-
eters of interest in the BMTME model. The ordering of draws is 
somewhat arbitrary; however, we suggest the following order:

Step 1.  Simulate β according to the normal distribution given 
in Appendix A.1.

Step 2.  Simulate b1according to the normal distribution given 
in Appendix A.2.

Step 3.  Simulate b2 according to the normal distribution 
given in Appendix A.3.

Step 4.  Simulate Σt according to the inverse Wishart (IW) 
distribution given in Appendix A.4.

Step 5.  Simulate ΣE according to the IW distribution given in 
Appendix A.5.

Step 6.  Simulate Re according to the IW distribution given in 
Appendix A.6.

Step 7.  Return to step 1 or terminate when chain length is 
adequate to meet convergence diagnostics.

The Gibbs sampler of the BMTME was implemented in the 
R-software (R Core Team, 2018). A total of 20,000 iterations 
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were performed with a burn-in of 15,000 and a thinning of 5, 
so that 1000 effective samples were used for inference that was 
used to eliminate potential problems due to the autocorrelation. 
The convergence of the Markov chain Monte Carlo chains was 
monitored using trace plots, autocorrelation function (ACF), 
and Gelman-Rubin diagnostics. The uncertainty of all posterior 
parameters was evaluated with the posterior standard deviation 
of each posterior parameter.

resuLts
The results are given in four sections. In the first section, we 

give the results of the analysis of cropping season 2012, in the 
second section, the results for cropping season 2013, and in the 
third section, the results for cropping season 2015. Finally, the 
results of the combined analysis (information on all cropping 
seasons) are given in section four. For each section we provide 
the posterior parameter estimates of the β coefficients, the 
genetic correlations between traits and environments, and the 
residual correlation between traits, resulting from fitting the 
Bayesian multivariate model given in Eq. [1].

cropping season 2012

Table 2 gives the posterior means and posterior standard 
deviations (SDs) for the β coefficients (β). For the GY variable, 

differences in posterior means were small across six environ-
ments, where the minimum was 7.408 (in environment F1Ra) 
and the maximum was 9.127 (in fully irrigated environment 
F2F). For MOIST, the differences in the estimates of the β 
coefficients were also small since the minimum was 2.827 (in 
environment F3F), while the maximum was 4.946 (in environ-
ment F1Fb). Moderate differences were observed in the posterior 
means for W1000 and PYB, since for W1000 the minimum 
value was 41.925 (in environment F1Ra) and the maximum was 
50.136 (in environment F3F), while for PYB, the minimum was 
0.9 observed in environment F3F and the maximum was 7.898 
in environment F1Fb. However, the largest differences between 
the β coefficients were observed for PPB, with a minimum value 
of 0.991 (in environment F1Fa), while its largest β coefficient 
was 20.182 (in environment F3F). It is important to note that 
each trait was measured on a different scale; for this reason, the 
observed differences between the coefficients of the traits were 
expected. However, the analysis can also be performed with stan-
dardized variables without any significant loss of information.

Table 2 also presents the posterior means and posterior SDs 
of variance–covariance (and correlations) components of traits 
and environments. First, note that the genetic covariances (and 
correlations) of traits are very low since the correlation with 
the largest absolute value was 0.270 between PPB and W1000. 

Table 2. Cropping season 2012. Posterior means and posterior standard deviations (SDs) of beta coefficients, variance–covariance (upper 
diagonal), and correlation (lower diagonal) components for the genetic (traits and environments) and residual (traits) components.†

b̂

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
F1Fa 8.828 3.624 46.007 0.991 4.536 0.250 0.153 1.130 1.349 1.311
F1Fb 8.421 4.946 44.390 6.376 7.898 0.256 0.159 1.095 1.400 1.283
F1Ra 7.408 3.943 41.925 2.381 1.058 0.246 0.159 1.151 1.424 1.314
F1Rb 9.079 3.980 42.756 4.152 5.152 0.240 0.145 1.034 1.272 1.191
F2F 9.127 4.801 46.487 13.547 5.608 0.279 0.172 1.229 1.608 1.373
F3F 8.625 2.827 50.136 20.182 0.900 0.323 0.197 1.535 2.019 1.591

S� t

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.051 0.000 0.044 –0.045 0.076 0.010 0.004 0.041 0.089 0.045
MOIST –0.012 0.023 –0.047 –0.010 0.040 0.004 0.004 0.026 0.052 0.028
W1000 0.135 –0.213 2.106 1.098 –0.171 0.041 0.026 0.356 0.478 0.240
PPB –0.071 –0.023 0.270 7.875 –0.488 0.089 0.052 0.478 1.462 0.523
PYB 0.261 0.204 –0.092 –0.135 1.662 0.045 0.028 0.240 0.523 0.400

S� E

Posterior means Posterior SDs

F1Fa F1Fb F1Ra F1Rb F2F F3F F1Fa F1Fb F1Ra F1Rb F2F F3F
F1Fa 7.935 6.782 7.187 6.729 6.714 6.720 1.145 1.042 1.108 0.984 1.124 1.247
F1Fb 0.845 8.112 6.339 6.793 7.513 6.328 1.042 1.229 1.056 1.012 1.237 1.269
F1Ra 0.914 0.798 7.787 6.276 6.461 6.613 1.108 1.056 1.247 0.974 1.159 1.261
F1Rb 0.924 0.922 0.870 6.687 6.471 6.088 0.984 1.012 0.974 0.963 1.054 1.160
F2F 0.772 0.854 0.750 0.810 9.538 8.251 1.124 1.237 1.159 1.054 1.578 1.484
F3F 0.635 0.592 0.631 0.627 0.711 14.101 1.247 1.269 1.261 1.160 1.484 2.131

R� e

Posterior means Posterior SDs Posterior means

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB APC MSEP
GY 0.225 0.003 0.223 0.220 –0.036 0.031 0.012 0.088 0.167 0.141 0.915 0.134
MOIST 0.020 0.068 –0.043 –0.028 0.015 0.012 0.010 0.044 0.091 0.078 0.975 0.030
W1000 0.283 –0.100 2.768 1.637 0.427 0.088 0.044 0.434 0.589 0.580 0.984 0.884
PPB 0.155 –0.036 0.329 8.966 –1.740 0.167 0.091 0.589 1.712 1.091 0.986 2.646
PYB –0.025 0.019 0.084 –0.190 9.312 0.141 0.078 0.580 1.091 1.439 0.844 6.103
† APC, average Pearson’s correlation; F1Fa, farm 1 (F1), full irrigation (F), first plot (a); F1Rb, farm 1 (F1), reduced irrigation (R), second plot (b); GY, 
grain yield; IW, inverse Wishart; MOIST, grain moisture; MSEP, mean squared error prediction; PPB, “black point” disease scores; PYB, grain quality 
scores of yellow berry; W1000, thousand-grain weight.
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These low correlations can also be observed in Fig. 1, which 
shows that MOIST and PYB have large positive loadings in 
component 1 (which explains 29.76% of total variability). While 
traits PPB and W1000 also have negative loadings in compo-
nent 1, trait GY has the largest positive loading in component 2 
(this component explains 24.74% of total variability). In con-
trast, the genetic covariance (and correlation) of environments 
is from moderate to high, since all the correlations were larger 
than 0.59. It is very important to point out that some genetic 
correlations between traits are positive while others negative; 
this means that, when consider jointly, traits varied differently 
(Fig. 1). Figure 1 also shows that the environments are positively 
correlated and that they form three groups.

With regard to the residual covariances (and correlations) 
between traits, most of them are close to zero, except for the cor-
relation between traits W1000 and GY, which was 0.283, and the 
correlation between traits PPB and W1000, which was 0.329. On 
the other hand, with regard to the similarity between the observed 
and predicted values of the whole data set, the lowest prediction 
accuracy in terms of Pearson’s correlation and mean square error 
of prediction (MSEP) was observed in trait PYB, the best in terms 
of Pearson’s correlation was observed in trait PPB, and the best 
in terms of MSEP was in trait MOIST. In general, the similarity 
between the observed and predicted values was very good.

cropping season 2013

Table 3 shows the posterior means and posterior SDs for the β 
coefficients and variance–covariance components for cropping sea-
son 2013. There are no large differences in the β coefficients for all 
traits in the 5 environments. For trait MOIST, the minimum was 
3.374 (in environment F2F) and the maximum was 4.432 (in envi-
ronment F1Ra). For trait W1000, the minimum was 77.151 (in 

environment F1Rb) and the maximum 79.225 (in environment 
F1Fb). For trait PPB, the minimum was 19.849 (in environment 
F1Rb) and the maximum was 21.040 (in environment F1Fb). 
Finally, for trait PYB, the minimum was 11.215 (in environment 
F2F) and the maximum was 12.966 (in environment F1Ra). 
Again, since each trait was measured on a different scale, the differ-
ences between the coefficients between traits were expected.

Table 3 also shows the posterior means and posterior SDs of 
variance–covariance (and correlations) components of traits and 
environments for cropping season 2013. First, note that 6 of the 
10 genetic covariances (and correlations) of the trait components 
are moderate or high, while 4 out of 10 are low. The two higher 
correlations belong to GY versus MOIST and between PPB and 
W1000. Also, the biplot in Fig. 2 confirms the high correlation 
between MOIST and GY (which form a group by grouping 
component 2) and between W1000 and PPB (they are also in 
the same group in Fig. 2a); here the first principal component 
explains 63.14% of total variability, while the second principal 
component explains 36.79%. The genetic covariances (and cor-
relations) of environments were high, higher than 0.827. Also, 
it is very important to point out that all the genetic correlations 
between environments are positive. However, not all environ-
ments are very similar, which can be corroborated in Fig. 2, 
which shows that there are three groups. In the residual covari-
ances (and correlations) between traits, 4 out of 10 correlations 
were high (those between GY and MOIST; PPB and W1000; 
PYB and W1000, and PYB and PPB), and 5 were low, with 
correlations of less than 0.352. Finally, with regard to the simi-
larity between the observed and predicted values for the whole 
data set, two out of five traits were in good agreement in terms of 

Fig. 1. Results for cropping season 2012. Plot of the first and 
second principal components for six environments (F1Fa, F1Fb, 
F1Ra, F1Rb, F2F, and F3F) (in black); and five traits (thousand-
grain weight [W1000, g], grain moisture [MOIST, %], grain yield 
[GY, t ha–1], “black point” disease scores [PPB, %], and grain 
quality scores of yellow berry [PYB, %] [in blue]).

Fig. 2. Results for cropping season 2013. Plot of the first and 
second principal components for five environments (F1Fa, F1Fb, 
F1Ra, F1Rb, and F2F) (in black); and five traits (thousand-grain 
weight [W1000, g], grain moisture [MOIST, %], grain yield [GY, 
t ha–1], “black point” disease scores [PPB, %], and grain quality 
scores of yellow berry [PYB, %] [in blue]). Biplot for cropping 
season 2013 for (i) the number of traits under study and (ii) the 
environments under study, except environment F3F.
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Pearson’s correlation and MSEP, while the agreement was low for 
the other 3 traits, since the Pearson’s correlations were lower than 
0.541 and higher than 1.944 in terms of MSEP. In general, the 
similarity between the observed and predicted values was very 
good for two traits and not good for the other three traits.

croPPInG seAson 2015
The posterior means and posterior SDs for the β coefficients 

and variance–covariance components for cropping season 2015 
are given in Table 4. There are moderate differences between the 
β coefficients for trait GY in the 5 environments, since the mini-
mum was 6.311 (in environment F1Fa) and the maximum was 
9.181 (in environment F1Rb). For trait MOIST, the minimum 
was 3.527 (in environment F1Ra), while the maximum was 4.579 
(in environment F1Fb). For trait W1000, there were also moder-
ate differences in the β coefficients between environments, since 
the minimum was 42.326 (in environment F2F) and the maxi-
mum was 47.657 (in environment F1Fa). For trait PPB, there 
were large differences between environments, since the minimum 
was 1.083 (in environment F1Ra) and the maximum was 22.873 
(in environment F1Fb). Finally, for trait PYB, large differences 
between environments were also observed in the β coefficients, 
since the minimum was 2.003 (in environment F1Ra) and the 

maximum was 13.765 (in environment F2F). Again, since each 
trait was measured on a different scale, the observed differences 
between the coefficients between traits were expected.

The posterior means and posterior SDs of variance–covari-
ance (and correlations) components of traits and environments 
for cropping season 2015 are given in Table 4. Only 2 out of 10 
genetic covariances (and correlations) of the trait components 
are moderate and 4 correlations are close to zero. The two 
larger correlations belong to GY versus MOIST and PYB ver-
sus MOIST. Figure 3 shows that the first component explains 
43.83% of the total variance and the second component explains 
26.58%. The genetic covariances (and correlations) of environ-
ments are from moderate to high, since all the correlations were 
higher than 0.584. All the genetic correlations between traits are 
positive; however, not all environments are very similar, which 
can be observed in Fig. 3. For the residual covariances (and corre-
lations) between traits, 2 out of 10 correlations were high (those 
between GY and MOIST, and between PYB and MOIST) and 
7 were low, with correlations less than 0.32. Finally, with regard 
to the similarity between the observed and predicted values for 
the whole data set, in five traits there was good agreement in 
terms of Pearson’s correlation and MSEP, since the Pearson’s 
correlations were larger than 0.961 and the MSEP were lower 

Table 3. Cropping season 2013. Posterior means and posterior standard deviations (SDs) of beta coefficients, variance–covariance (upper 
diagonal) and correlation (lower diagonal) components for the genetic (traits and environments) and residual (traits) components.†

b̂

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
F1Fa 6.863 3.904 78.938 20.874 12.255 0.187 0.099 0.964 0.567 0.396
F1Fb 6.895 3.919 79.225 21.040 12.362 0.153 0.081 0.904 0.527 0.329
F1Ra 7.922 4.432 78.205 20.431 12.966 0.239 0.123 0.840 0.494 0.370
F1Rb 7.271 4.093 77.151 19.849 12.071 0.161 0.082 0.844 0.493 0.299
F2F 5.828 3.374 78.596 20.681 11.215 0.251 0.137 1.315 0.776 0.582

S� t

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.054 0.028 0.011 0.007 0.052 0.011 0.006 0.026 0.016 0.012
MOIST 0.995 0.014 0.017 0.010 0.030 0.006 0.003 0.014 0.009 0.006
W1000 0.042 0.126 1.278 0.748 0.406 0.026 0.014 0.255 0.150 0.089
PPB 0.044 0.128 0.999 0.439 0.238 0.016 0.009 0.150 0.088 0.053
PYB 0.540 0.609 0.862 0.863 0.173 0.012 0.006 0.089 0.053 0.032

S� E

Posterior means Posterior SDs

F1Fa F1Fb F1Ra F1Rb F2F F1Fa F1Fb F1Ra F1Rb F2F
F1Fa 16.162 15.195 15.305 14.996 15.700 2.139 2.113 2.084 2.073 2.153
F1Fb 0.874 18.719 14.827 15.580 15.815 2.113 2.555 2.144 2.197 2.245
F1Ra 0.922 0.830 17.031 14.942 14.378 2.084 2.144 2.300 2.109 2.100
F1Rb 0.897 0.866 0.871 17.285 14.743 2.073 2.197 2.109 2.516 2.112
F2F 0.927 0.867 0.827 0.841 17.765 2.153 2.245 2.100 2.112 2.450

R� e

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.118 0.062 0.190 0.111 0.166 0.017 0.009 0.175 0.102 0.058
MOIST 0.968 0.034 0.304 0.178 0.150 0.009 0.005 0.095 0.056 0.033
W1000 0.118 0.352 21.825 12.758 6.890 0.175 0.095 2.543 1.490 0.822
PPB 0.119 0.352 0.999 7.467 4.031 0.102 0.056 1.490 0.874 0.481
PYB 0.320 0.537 0.978 0.978 2.275 0.058 0.033 0.822 0.481 0.274

Posterior means of APC Posterior means of MSEP
GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB

0.960 0.950 0.455 0.456 0.541 0.053 0.017 19.002 6.500 1.944
† APC, average Pearson’s correlation; F1Fa, farm 1 (F1), full irrigation (F), first plot (a); F1Rb, farm 1 (F1), reduced irrigation (R), second plot (b); GY, 
grain yield; IW, inverse Wishart; MOIST, grain moisture; MSEP, mean squared error prediction; PPB, “black point” disease scores; PYB, grain quality 
scores of yellow berry; W1000, thousand-grain weight.
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than 3.798. In general, the similarity between the observed and 
predicted values was very good for the five traits.

combined cropping seasons

For the combined information of the three cropping seasons, 
Table 5 gives the posterior means and posterior SDs for the β coef-
ficients. There are no large differences in the β coefficients for trait 
GY between the 5 environments, since the minimum was 7.205 
(in environment F1Ra) and the maximum was 8.344 (in environ-
ment F1Rb). For trait MOIST, the differences in the estimates of 
the β coefficients are also small, since the minimum was 3.375 (in 
environment F1Fa), while the maximum was 4.413 (in environ-
ment F1Fb). Also, small differences were observed in the estimates 
of the β coefficients for traits W1000 and PYB, since for W1000, 
the minimum value was 55.334 (in environment F1Ra) and the 
maximum was 58.417 (in environment F1Fa), while for PPB 
large differences were observed, where the minimum was 8.101 
in environment F1Fa and the maximum was 16.466 in environ-
ment F1Fb. For PYB, large differences were also observed between 
environments, since the minimum β coefficient was 5.790 and 
the maximum was 10.280. It is important to recall that each trait 
was measured on a different scale, and therefore, the differences 
between the coefficients between traits were expected.

The posterior means and posterior SDs of variance–covari-
ance (and correlations) components of traits and environments 
are given in Table 5. First note that most genetic covariances (and 
correlations) of the traits are low, since only 2 out of 10 are moder-
ate or large. Figure 4 (biplot of traits) shows that the first principal 
component explains 39.90% of the total variance, while the sec-
ond principal component explains 32.78%. Figure 4 shows three 
groups of traits, one composed of traits MOIST and GY, another 
composed of trait PPB and the last one formed by traits W1000 
and PYB. In contrast, the genetic covariances (and correlations) 
of environments are from moderate to high, since all the correla-
tions were larger than 0.662. It is very important to point out that 
all the genetic correlations between environments are positive 
and more than two groups are formed (Fig. 4). With regard to 
the residual covariance (and correlations) between traits, most 
of them are close to zero, with the exception of the correlation 
between traits MOIST and GY, which was 0.532, and the correla-
tion between traits PPB and W1000, which was 0.667. On the 
other hand, with regard to the similarity between the observed 
and predicted values for the whole data set, there was good agree-
ment, since all the traits had a Pearson’s correlation of at least 
0.873, while the largest MSEP was 4.133. In general, the similar-
ity between the observed and predicted values was very good.

Table 4. Cropping season 2015. Posterior means and posterior standard deviations (SDs) of beta coefficients, variance–covariance (upper 
diagonal) and correlation (lower diagonal) components for the genetic (traits and environments) and residual (traits) components.†

b̂

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
F1Fa 6.311 3.686 47.657 1.598 7.462 0.316 0.079 1.225 1.164 1.179
F1Fb 8.124 4.579 46.473 22.873 9.307 0.374 0.115 1.510 1.829 1.657
F1Ra 6.719 3.527 43.814 1.083 2.003 0.296 0.085 1.183 1.230 1.184
F1Rb 9.181 4.661 47.112 10.549 10.132 0.299 0.095 1.229 1.272 1.406
F2F 6.869 4.125 42.326 4.464 13.765 0.326 0.108 1.251 1.493 1.478
F3F 6.986 3.760 44.771 1.675 5.452 0.292 0.095 1.181 1.134 1.062

S� t

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.086 0.024 0.079 0.311 –0.072 0.017 0.006 0.049 0.113 0.083
MOIST 0.637 0.016 0.036 0.157 0.171 0.006 0.003 0.020 0.046 0.046
W1000 0.233 0.247 1.350 0.284 0.240 0.049 0.020 0.285 0.375 0.354
PPB 0.412 0.479 0.095 6.626 –0.901 0.113 0.046 0.375 1.295 0.705
PYB –0.113 0.619 0.095 –0.161 4.748 0.083 0.046 0.354 0.705 1.024

S� E

Posterior means Posterior SDs

F1Fa F1Fb F1Ra F1Rb F2F F3F F1Fa F1Fb F1Ra F1Rb F2F F3F
F1Fa 11.197 8.690 9.880 9.277 9.318 9.818 1.792 1.845 1.586 1.577 1.655 1.586
F1Fb 0.613 17.939 7.947 12.080 8.240 8.447 1.845 3.033 1.703 2.106 1.895 1.734
F1Ra 0.947 0.602 9.715 8.416 7.847 9.262 1.586 1.703 1.530 1.467 1.493 1.481
F1Rb 0.807 0.830 0.786 11.804 8.962 9.004 1.577 2.106 1.467 1.894 1.630 1.526
F2F 0.836 0.584 0.755 0.783 11.109 8.070 1.655 1.895 1.493 1.630 2.059 1.475
F3F 0.943 0.641 0.955 0.842 0.778 9.690 1.586 1.734 1.481 1.526 1.475 1.553

R� e

Posterior means Posterior SDs Posterior means

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB APC MSEP
GY 0.244 0.064 0.160 0.503 –0.135 0.043 0.013 0.116 0.201 0.178 0.966 0.104
MOIST 0.674 0.037 0.081 0.304 0.359 0.013 0.006 0.045 0.082 0.091 0.977 0.014
W1000 0.182 0.238 3.135 0.937 0.397 0.116 0.045 0.587 0.717 0.721 0.961 1.303
PPB 0.320 0.499 0.166 10.113 –0.133 0.201 0.082 0.717 1.756 1.239 0.990 2.298
PYB –0.090 0.612 0.073 –0.014 9.349 0.178 0.091 0.721 1.239 1.932 0.968 3.798
† APC, average Pearson’s correlation; F1Fa, farm 1 (F1), full irrigation (F), first plot (a); F1Rb, farm 1 (F1), reduced irrigation (R), second plot (b); GY, 
grain yield; IW, inverse Wishart; MOIST, grain moisture; MSEP, mean squared error prediction; PPB, “black point” disease scores; PYB, grain quality 
scores of yellow berry; W1000, thousand-grain weight.
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dIscussIon
Posterior means and posterior standard deviations of β coef-

ficients, genetic covariances (for trait and for environments) and 
residual covariance (for traits) are very important for breeders to 
better understand the genetic and residual architecture of lines 
for specific traits of interest. For this reason, in this paper we 
propose using multivariate models to estimate these parameters 
in the multi-trait and multi-environment context. The advan-
tage of using the proposed multivariate analysis to estimate 
covariance parameters is that it significantly helps to increase 
the precision of the parameters because it takes into account the 
genetic and residual correlation between the traits and environ-
ments under study. Because the BMTME uses IW distributions 
as priors for covariance matrices, it is important to point out 
that the IW distribution is a key element to estimate the genetic 
(of traits and environment) and residual covariance (correlation) 
matrices, given that the posterior distributions of the covariance 
matrices also have IW distributions with augmented parameters 
that combine the information of the prior distribution and the 
likelihood information (Alvarez et al., 2014).

Implementation of multivariate analysis is not rare in agri-
cultural research. For example, Schulthess et al. (2017) reported 
that multivariate analysis improves parameter estimates. 
Authors like Calus and Veerkamp (2011), Jia and Jannink 
(2012), Jiang et al. (2015), Montesinos-López et al. (2016), He et 
al. (2016) and Schulthess et al. (2017) reported better prediction 
accuracy of multivariate analysis compared to univariate analy-
sis. These authors also agree that the genetic correlation between 
traits is the basis for the benefit of multivariate analysis; that 
is, that the larger the degree of relatedness between traits, the 
greater the benefit of multivariate analysis.

However, multivariate analysis is computationally more 
demanding than univariate analysis, and for this reason, many 
times its implementation is not practical. The computational cost 
is greater when the Bayesian approach is implemented. However, 
the multivariate Bayesian approach has the advantage that it is 
more parsimonious and provides a more informative and power-
ful analysis, since (i) it allows prior information to be incorpo-
rated; (ii) it does not need good starting values for parameters 
of interest such as the restricted maximum likelihood; (iii) it 
increases the precision of parameter estimates (smaller standard 
errors); (iv) conclusions can be drawn about the correlations 
between the dependent variables, notably, the extent to which 
the correlations depend on the individual and on the group 
level; (v) testing whether the effect of an explanatory variable 
on dependent variable Y1 is larger than its effect on Y2, when 
Y1 and Y2 data were observed (totally or partially) on the same 
individuals, is possible only by means of a multivariate analysis; 
(vi) if one wishes to carry out a single test of the joint effect of an 
explanatory variable on several dependent variables, then a mul-
tivariate analysis is also required; such a single test can be useful, 
e.g., to avoid the danger of chance capitalization which is inher-
ent to carrying out a separate test for each dependent variable; 
and (vii) it does not have strong problems of identifiability.

It is important to point out that the multivariate approach 
proposed in this paper is different from the conventional multi-
trait (or multi-environment) approach, since the proposed 
BMTME model makes it possible to simultaneously estimate 
the genetic correlation of traits and genetic correlation of envi-
ronments, which is not possible in a conventional multi-trait 
analysis performed by the standard software packages that only 
estimates the genetic correlation of traits and only works well 
for multi-trait data. The standard software packages can only 

Fig. 3. Results for cropping season 2015. Plot of the first and 
second principal components for six environments (F1Fa, F1Fb, 
F1Ra, F1Rb, F2F, and F3F) (in black); and five traits (thousand-
grain weight [W1000, g], grain moisture [MOIST, %], grain yield 
[GY, t ha–1], “black point” disease scores [PPB, %], and grain 
quality scores of yellow berry [PYB, %] [in blue]). Biplot for 
cropping season 2015 for (i) the number of traits under study and 
(ii) the environments under study, except environment F3F

Fig. 4. Results for combined cropping seasons. Plot of the first 
and second principal components for five environments (F1Fa, 
F1Fb, F1Ra, F1Rb, and F2F) (in black); and five traits (thousand-
grain weight [W1000, g], grain moisture [MOIST, %], grain yield 
[GY, t ha–1], “black point” disease scores [PPB, %], and grain 
quality scores of yellow berry [PYB, %] [in blue]).
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accommodate a covariance matrix as the Kronecker product 
of two covariance matrices (for example, pedigree matrix, and 
genetic covariance of traits), while the BMTME can accom-
modate a covariance matrix as the Kronecker product of three 
valid covariance matrices (for example, pedigree matrix, genetic 
covariance of traits and genetic covariance of environments) and 
this covariance matrix corresponds to the three-way interaction 
of the genotype × environment × trait term. Another advantage 
of the proposed BMTME model is that the probability of hav-
ing convergence problems decreases even when more correlated 
traits are added to the multivariate analysis.

For this reason, the proposed multivariate model allows 
increasing prediction accuracy and parameter estimates; how-
ever, it is documented that the increase in accuracy is dependent 
on the absolute difference between the genetic and residual cor-
relations between traits, i.e., the larger the differences, the greater 
the gain in accuracy. A second advantage of the proposed mul-
tivariate analysis is that it obtains unbiased estimates of second-
ary traits selected under indirect selection. A model including 
information on the correlated trait on which selection was based, 
is able to correct for this type of selection. Multivariate analysis 
also allows predicting a trait when lines (genotypes) have been 
measured for other traits, especially in situations where missing 

information occurs due to, for example, line damage or practical 
and technical problems during data collection. The proposed 
model also improves the precision of the selection index because 
the optimal genetic correlation and random genetic effects of 
each trait of the lines are calculated simultaneously.

However, the proposed BMTME model also has disadvan-
tages; some of them are (i) if the parameter estimates of genetic 
correlations are very different from the unknown true values 
(highly biased), then a multivariate analysis could do as much 
harm as it might do good; and (ii) multivariate analyses require 
more computing time and increased computer memory to ana-
lyze the data. Also, more storage and verification is needed.

Finally, we found that the proposed multivariate Bayesian 
multi-trait and multi-environment model successfully fitted 
three cropping season data sets (2012, 2015, and combined) 
out of four. By successful fitting we mean that the predicted 
values resulting from the BMTME model are very close to the 
real (observed) phenotypes, since the correlation between the 
observed and predicted values was larger than 0.84 for all traits 
under study in three data sets. However, for the cropping season 
2013 data set, in three out of five traits, the correlation between 
the observed and predicted values was lower than 0.6. We also 
found that the environments in the four data sets under study 

Table 5. All cropping seasons. Posterior means and posterior standard deviations (SDs) of beta coefficients, variance–covariance (upper 
diagonal) and correlation (lower diagonal) components for the genetic (traits and environments) and residual (traits) components.† 

b̂

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
F1Fa 7.323 3.745 58.417 8.101 8.408 0.279 0.131 1.183 1.591 1.348
F1Fb 7.676 4.413 57.782 16.466 9.983 0.363 0.174 1.509 2.161 1.945
F1Ra 7.205 3.951 55.334 8.284 5.790 0.276 0.132 1.172 1.610 1.304
F1Rb 8.344 4.189 56.648 11.148 9.170 0.285 0.137 1.191 1.530 1.449
F2F 7.156 4.062 57.247 12.771 10.280 0.311 0.155 1.305 1.840 1.625

S� t

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.069 0.020 –0.153 0.295 –0.120 0.013 0.005 0.082 0.105 0.052
MOIST 0.685 0.012 –0.070 0.117 0.024 0.005 0.002 0.035 0.045 0.021
W1000 –0.186 –0.202 9.822 4.756 1.618 0.082 0.035 1.373 0.988 0.491
PPB 0.399 0.374 0.538 7.949 0.135 0.105 0.045 0.988 1.335 0.513
PYB –0.295 0.137 0.332 0.031 2.423 0.052 0.021 0.491 0.513 0.442

S� E

Posterior means Posterior SDs

F1Fa F1Fb F1Ra F1Rb F2F F1Fa F1Fb F1Ra F1Rb F2F
F1Fa 11.931 11.294 11.119 11.451 12.649 1.419 1.628 1.364 1.399 1.589
F1Fb 0.684 22.851 10.503 14.987 14.587 1.628 2.957 1.598 1.976 2.133
F1Ra 0.969 0.662 11.027 10.597 11.791 1.364 1.598 1.381 1.360 1.554
F1Rb 0.911 0.862 0.877 13.240 13.495 1.399 1.976 1.360 1.630 1.753
F2F 0.892 0.744 0.865 0.904 16.844 1.589 2.133 1.554 1.753 2.300

R� e

Posterior means Posterior SDs

GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB
GY 0.357 0.092 0.488 0.365 0.239 0.041 0.016 0.209 0.193 0.151
MOIST 0.532 0.084 0.289 0.278 0.366 0.016 0.010 0.104 0.094 0.078
W1000 0.220 0.268 13.817 6.999 3.178 0.209 0.104 1.956 1.303 1.076
PPB 0.216 0.340 0.667 7.975 0.412 0.193 0.094 1.303 1.308 0.930
PYB 0.146 0.459 0.311 0.053 7.557 0.151 0.078 1.076 0.930 1.157

Posterior means of APC Posterior means of MSEP
GY MOIST W1000 PPB PYB GY MOIST W1000 PPB PYB

0.873 0.848 0.987 0.982 0.933 0.234 0.058 4.650 2.690 4.133
† APC, average Pearson’s correlation; F1Fa, farm 1 (F1), full irrigation (F), first plot (a); F1Rb, farm 1 (F1), reduced irrigation (R), second plot (b); GY, 
grain yield; IW, inverse Wishart; MOIST, grain moisture; MSEP, mean squared error prediction; PPB, “black point” disease scores; PYB, grain quality 
scores of yellow berry; W1000, thousand-grain weight.
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have a moderate-to-strong positive correlation among them, but 
with significant differences between environments. We should 
also point out that the input information of the BMTME 
model were BLUEs obtained for univariate analysis that 
adjusted the phenotypes of each trait for the experimental field 
design. For this reason, the implementation of the BMTME 
model requires two-stage analysis: in the first stage, genotypes 
means are computed per trial, and in the second stage, genotype 
(lines) means of all trials and traits are subjected to a joint analy-
sis. However, the implementation of this two-stage analysis was 
different from that proposed by Piepho et al. (2012) since our 
multivariate analysis (second-stage analysis) ignored the vari-
ances and covariances obtained in the first-stage analysis. Thus 
our approach is not a fully efficient analysis, since it ignores the 
variances and covariances obtained in the first stage.

concLusIons
In this paper we propose using multivariate Bayesian analysis to 

generate parameter estimates of great importance in the context 
of crop traits using multi-trait and multi-environment data. The 
advantage of this approach is that it allows estimating the genetic 

covariances of traits and environments simultaneously, which 
improves the precision of parameter estimates because they take 
into account the correlated traits and environments simultane-
ously. We found that in three of the four data sets, implementation 
of the proposed multivariate Bayesian multi-trait and multi-envi-
ronment model was successful for fitting the data and estimating 
the parameters of interest. For this reason, we encourage the use of 
multivariate Bayesian models for on-farm trials to estimate param-
eters of interest in the context of multi-trait and multi-environ-
ment data. This model can also be used for prediction purposes, as 
was done by Montesinos-López et al. (2016).
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APPendIx A. 
Full conditionals of the bMtMe model.
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Full conditional for vec(b2)
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