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RESEARCH

Methods for the analysis of series of plant cultivar trials, also 
known as multi-environment trials (MET), are abundant 

in the literature. Recently, mixed model approaches have become 
popular (for a review, see Smith et al., 2005), as they provide a fl exi-
ble framework in which incomplete data (not all cultivars grown in 
all trials) are easily handled and cultivar × trial eff ects and within-
trial error variation can be appropriately modeled. In this study, we 
focused on the modeling of cultivar × trial eff ects. Several research-
ers have proposed the use of factor analytic (FA) models for this 
purpose (Smith et al., 2001; Piepho and Mohring, 2006). These 
approaches target selection of genotypes, and consequently assume 
that cultivar eff ects are random and trial eff ects are fi xed. With the 
assumption of random eff ects for cultivars, the FA model implies 
that cultivar eff ects are correlated between trials. This is consis-
tent with the quantitative genetics approach to the investigation of 
cultivar × environment interaction in which environments (syn-
onymous with trials) are regarded as traits (Falconer and Mackay, 
1996), so that the existence of a genetic variance matrix for traits is 
an integral part of the analysis. A more comprehensive discussion of 
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ABSTRACT

Modeling of cultivar × trial effects for multi-

environment trials (METs) within a mixed model 

framework is now common practice in many 

plant breeding programs. The factor analytic 

(FA) model is a parsimonious form used to 

approximate the fully unstructured form of the 

genetic variance–covariance matrix in the model 

for MET data. In this study, we demonstrate that 

the FA model is generally the model of best fi t 

across a range of data sets taken from early gen-

eration trials in a breeding program. In addition, 

we demonstrate the superiority of the FA model 

in achieving the most common aim of METs, 

namely the selection of superior genotypes. 

Selection is achieved using best linear unbiased 

predictions (BLUPs) of cultivar effects at each 

environment, considered either individually or 

as a weighted average across environments. In 

practice, empirical BLUPs (E-BLUPs) of cultivar 

effects must be used instead of BLUPs since 

variance parameters in the model must be esti-

mated rather than assumed known. While the 

optimal properties of minimum mean squared 

error of prediction (MSEP) and maximum corre-

lation between true and predicted effects pos-

sessed by BLUPs do not hold for E-BLUPs, a 

simulation study shows that E-BLUPs perform 

well in terms of MSEP.
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the consequences of fi tting cultivars as fi xed or random can 
be found in Smith et al. (2005).

There are numerous possible choices for the form of 
the genetic variance matrix. The most general form is an 
unstructured matrix that contains t(t + 1)/2 parameters, 
where t is the number of trials. Although this form has intu-
itive appeal in terms of attempting to capture the underly-
ing true structure, there may be numerous diffi  culties with 
this model. For example, if the number of environments 
is large, then the number of parameters to be estimated 
may exceed computational limits. Even with small num-
bers of environments there may be insuffi  cient informa-
tion (too few cultivars) to reliably estimate the parameters. 
Another diffi  culty is that most computing algorithms do 
not accommodate situations where either the true variance 
matrix or its estimate is singular. The alternative proposed 
by Smith et al. (2001) to overcome these diffi  culties was to 
use an FA model. This provides a parsimonious model [if 
k factors are fi tted there are t(k+1) − k(k − 1)/2 parameters 
to be estimated] and singular matrices are easily accom-
modated using the algorithm of Thompson et al. (2003). 
Another model for the genetic variance matrix is the uni-
form (or compound symmetric) model that evolved from 
an ANOVA approach for MET data (Smith et al., 2005) 
and is still used by many researchers.

Despite the recommendations in Piepho (1997, 1998) 
and Smith et al. (2001, 2002a, 2002b), FA models are not 
widely used outside Australia for the regular analysis of 
MET data. The aim of this study was to show the superi-
ority of FA models for this purpose, both in terms of good-
ness-of-fi t to the data and in terms of the most common 
aim of METs, namely the selection of superior cultivars. 
The focus in this study is on selection in early generation 
cultivar trials, which typically test a large number of cul-
tivars across a smaller number of environments, and these 
trials generally consist of a relatively balanced set of most 
cultivars being tested at each environment. Other stud-
ies on the performance of the FA model for trials taken 
from later stages in the breeding program can be found in 
Smith et al. (2001) and Thompson et al. (2003).

Within the framework of a multitrait analysis, selec-
tion is achieved with the use of a selection index that is a 
particular combination of all the traits. This concept is also 
appropriate in the context of MET. In this case, the index is 
a weighted average of the cultivar eff ects in individual envi-
ronments. This is a fl exible approach that accommodates 
selection for net merit across all environments or subsets 
of environments. The weights may be chosen in numer-
ous ways, for example the concepts in Cooper et al. (1996) 
may be adopted, in which case the aim would be to give 
greater weight to trials that are more representative of the 
target population of environments. The index then pro-
vides the basis on which cultivars are ranked for selection. 
In practice, the components of the index, namely the culti-

var eff ects in individual environments, are predicted from 
the data. Predictions are sought such that the correlation 
between the true and predicted index is maximized and 
the mean squared error of prediction is minimized (Mrode, 
2005). Theory shows that these conditions are achieved 
with the use of best linear unbiased predictions (BLUPs) 
of cultivar eff ects in individual environments. The proviso 
is that the BLUPs are calculated on the basis of the true 
form for the genetic variance matrix. In practice, we must 
choose a model to represent this structure. An additional 
approximation is required for the formation of the selection 
index since the variance parameters of the assumed model 
are unknown and so must be estimated from the data. The 
selection index is then calculated using empirical best lin-
ear unbiased predictions (E-BLUPs). It is therefore impor-
tant to know the impact on the optimality of the predicted 
index of both the assumed model for the genetic variance 
structure and the use of E-BLUPs rather than BLUPs.

The impact of model choice on the prediction of cul-
tivar × environment eff ects has been considered by Piepho 
(1998), where cross-validation techniques on fi ve MET 
data sets were used to compare BLUPs based on a range of 
models in terms of their predictive accuracy for “fi lling in” 
the cells in the cultivar × environment table. The models 
considered included those under investigation here, namely 
the uniform, FA, and unstructured variance (US) models. 
Piepho (1998) concluded that the predictive accuracy of 
BLUPs from the FA models was superior to that of the uni-
form model, but the results also appear to suggest that they 
are generally inferior to that of the US model. Note that 
for the FA model in Piepho (1998), a common variance was 
assumed for the lack of fi t part, while Smith et al. (2001) 
allowed a separate (so-called specifi c) variance for each trial. 
We investigated the Smith et al. (2001) version of the FA 
model. Piepho (1998) alluded to the issue of the optimality 
of BLUPs being dependent on the use of known variance 
parameters and commented that “it can be hoped that the 
performance of empirical BLUPs is not far from optimal.” 
We formally investigated this.

We applied a general mixed model analysis for MET 
data, described below, to eight example MET data sets, 
the results of which are presented. A range of models for 
the genetic variance matrix was used for each data set. 
These include the uniform, FA, and US models. Addi-
tionally a diagonal form was used implying that all pair-
wise genetic correlations between trials are zero. This is 
analogous to conducting separate analyses for each trial, 
and basing selections on individual trial data in isolation 
from other trials. Such an approach is still common prac-
tice in many plant breeding programs worldwide and is 
to be contrasted with the multitrait procedure described 
above. The goodness-of-fi t of the models was compared 
for each data set. The optimality of selection indices based 
on estimated variance parameters, that is, using E-BLUPs, 
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Many researchers assume that cultivar × environment 

eff ects may be represented as a two-way structure. We followed 

this convention but acknowledge that the extension to higher 

order tables (for example, when environments comprise the 

factorial combination of geographic locations and years) is pos-

sible. Given a two-dimensional structure, we assumed that the 

variance matrix for the cultivar eff ects for individual trials has 

the separable form

g e v= ⊗G G G
 

[4]

where G
e
 and G

v
 are t × t and m × m symmetric positive defi nite 

matrices. The matrix G
e
 is often referred to as the genetic vari-

ance matrix with the diagonal elements representing genetic 

variances for individual environments and the off -diagonal ele-

ments representing genetic covariances between pairs of envi-

ronments. Smith et al. (2001) assumed independence between 

cultivars, so used G
v
 = I

m
. An alternative is to use G

v
 = A, 

where A is a known relationship matrix, following the approach 

of Oakey et al. (2006). This may be a preferred approach but 

as yet is not common practice for the analysis of MET data in 

Australia. Our focus was on the choice of models for G
e
 so, for 

simplicity, and without loss of generality, we assumed G
v
 = I

m
.

There are numerous possible choices for the form of G
e
. We 

considered four basic structures for the matrix, namely, diago-

nal, uniform, FA, and US. The factor analytic model based on 

k factors, denoted FAk, is given by

G
e
 = ΛΛ′ + Ψ [5]

where Λ is a t × k matrix of environment loadings, and Ψ is a 

t × t diagonal matrix with elements commonly referred to as 

specifi c variances. Note that reduced rank models are a special 

case of the FA model in which more than k of the specifi c vari-

ances are zero.

Estimation, Prediction, and Selection
Estimation of the model in Eq. [1] is achieved using two linked 

processes. First, the variance parameters are estimated, the most 

common method of estimation being residual maximum likeli-

hood (REML; Patterson and Thompson, 1971). This usually 

involves an iterative process. In this study, the average informa-

tion algorithm (Gilmour et al., 1995) as implemented in the 

software ASReml (Gilmour et al., 2005) and samm (Butler et 

al., 2003) was used. Given estimates of the variance param-

eters, we obtained empirical best linear unbiased estimates (E-

BLUEs) of the fi xed eff ects and E-BLUPs of the random eff ects. 

In particular, E-BLUPs of the cultivar eff ects in individual 

environments were calculated as

g e( )m
′= ⊗u G I M Py

 
[6]

where P = H−1 – H−1X(X′H−1X)−1X′H−1, the design matrix 

X = [M1
mt

M(I
t
 ⊗ 1

m
) X

p
], the variance matrix H = var(y) = 

M(G
e
 ⊗ I

m
)M′ + Z

p
G

p
Z

p
′ + R, and all variance parameters 

have been replaced with their REML estimates. We can write

1 2g g g g( , ,... , )
t

′ ′ ′ ′=u u u u
 

[7]

where g j
u  is the m × 1 vector of E-BLUPs of the cultivar 

eff ects for the jth trial. Then the vector of (predicted) selection 

indices is constructed as

M̃  = w
1
ũ

g1
 + w

2
ũ

g2
 + … + w

t
ũ

gt
 [8]

was investigated via a simulation study. The accuracy of 
prediction was compared for the range of variance models 
described above.

MATERIALS AND METHODS

Analysis of Multi-Environment Trial Data

A General Mixed Model
Consider a series of t trials in which a total of m cultivars has 

been grown (without necessarily all cultivars tested in all trials). 

It is assumed that the jth trial comprises n
j
 fi eld plots and we let 

n = ∑t
j=1

 n
j
 be the total number of plots. A general mixed model 

for the n × 1 vector y of individual plot yields combined across 

trials can be written as

p p p p

e g( )mt t m

η η τ

η τ

= + + +

= μ+ ⊗ +

y| M X Z u e

1 I 1 u  
[1]

where μ is an overall mean, τ
e
 is the t × 1 vector of (fi xed) trial 

main eff ects and u
g
 is the mt × 1 vector of (random) cultivar 

eff ects for individual trials (ordered as cultivars within trials). 

The n × mt matrix, M, is an indicator matrix that may contain 

columns whose elements are all zero if the corresponding culti-

var × trial combination is not present in the data. Note that in 

their review, Smith et al. (2005) considered a range of models 

for η and we have chosen the form used by Smith et al. (2001). 

The vectors τ
p
 and u

p
 are vectors of fi xed and random eff ects, 

respectively, with associated design matrices X
p
 (assumed to have 

full column rank) and Z
p
. These vectors represent trial-specifi c 

eff ects that are peripheral to the eff ects of main interest, namely 

the cultivar eff ects for each trial. For example, if individual tri-

als are analyzed using a randomization-based approach, then u
p
 

will contain eff ects associated with the block structure of each 

trial. In this study, we used the spatial modeling approach of 

Gilmour et al. (1997) so that τ
p
 and u

p
 may contain eff ects for 

accommodation of nonstationary trend or extraneous variation 

within individual trials. Finally, the vector e is the n × 1 vector 

of plot error eff ects combined across trials.

The random eff ects in Eq. [1] are assumed to follow a 

Gaussian distribution with zero mean and variance matrix

g g

p p

0 0

var 0 0

0 0

⎛ ⎞ ⎡ ⎤⎟⎜ ⎢ ⎥⎟⎜ ⎟⎜ ⎢ ⎥⎟⎜ =⎟ ⎢ ⎥⎜ ⎟⎜ ⎟ ⎢ ⎥⎟⎜ ⎟⎜ ⎢ ⎥⎝ ⎠ ⎣ ⎦

u G

u G

e R

 [2]

The matrix G
p
 is usually a diagonal matrix of scaled iden-

tity matrices. The variance matrix for the plot error eff ects is 

assumed to be block diagonal with R = diag(R
j
), where R

j
 is 

the error variance matrix for the jth trial. Smith et al. (2001) 

used the spatial modeling approach of Gilmour et al. (1997), so 

it is assumed that the jth trial comprises a rectangular array of 

r
j
 rows by c

j
 columns (so that n

j
 = r

j
 c

j
), and, for data ordered as 

rows within columns, we have

2

j jj j c r= Σ ⊗ΣσR
 

[3]

where σ
j
2 is a scale parameter and Σc j

 and Σr j 
are the c

j
 × c

j
 and 

r
j
 × r

j
 correlation matrices for the column and row dimensions 

of the trial, respectively. In the Gilmour et al. (1997) approach, 

these matrices typically correspond to autoregressive processes 

of order one.












