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Abstract

• Of interest is the analysis of results of a series of experiments
conducted at several environments with the same set of plant
varieties.

• A common practice is first to analyze individual trials sepa-
rately and then to perform a kind of “synthesis” of the results.
This is considered as a two-stage approach to the analysis of
the trial data.

• More recently a combined analysis of the raw plot data from
all trials taken simultaneously has been advocated, as a one-
stage approach to the analysis.

• The purpose of this article is to reconsider these two approaches.

• The differences between them are illustrated by their appli-
cation to a series of trials with rye varieties. The required
computations have been accomplished with the use of R.
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The scheme of presentation

• 1. Introduction

• 2. The randomization-derived mixed model for analyzing data
from series of variety trials is recalled, with the indication of
differences between the two considered approaches

• 3. Estimation methods following from that model for the one-
stage and the two-stage analysis are presented

• 4. The analysis of variance and relevant test statistics are con-
sidered, with the distinction between the two approaches to
the analysis

• 5. An application of the described methodology to a real series
of trials is shown, using both the one-stage and the two-stage
analysis

• 6. Differences between the two approaches to the analysis are
discussed
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1. Introduction

• Plant variety evaluation processes utilize data from series of
field experiments conducted at a number of environments, called
multi-environment variety trials (METs). The literature on an-
alyzing the results of METs is enormous and reflects different
approaches to the data analysis. One of them concerns the way
of exploring individual trials.

• In the two-stage approach, their plot data are used only at the
first stage of the analysis, performed for each trial separately.
The obtained results are then, at the second stage, combined
in an overall analysis (see, e.g., Piepho et al. 2011).

• In the one-stage approach, the analysis is modelled in the way
that takes into account individual plot data from all analyzed
trials simultaneously (see Cullis et al. 1998; Smith et al. 2001;
Caliński et al. 2005, 2009a, 2009b).

• The purpose of the present paper is to compare these two ap-
proaches.
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2. Models for MET data under two different approaches

• The terminology and notation used from now onwards follows
that in Calínski at al. (2009b), herein abbreviated as CCKKP
(2009b).

• Suppose thatp experimental fields are selected at random from
a large number,NE, of conceptually available suitable fields
within an agricultural region of interest.

• Furthermore, suppose that in each of the selected fields the
samem varieties are compared within an experiment com-
posed ofa superblocks, each divided intob0 blocks, each of
them ofk experimental units (plots).

• Assume that in each of thesep experiments the superblocks
are randomized and, independently, the blocks within each
superblock are randomized, and finally, independently of all
these randomizations, the plots within each block are random-
ized, before being assigned to the varieties according to a re-
solvable generalized lattice (GL) design.
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• Let the design used in thejth experiment be described by an
m× b incidence matrix (b = ab0)

N (j) = [N 1(j) : N 2(j) : · · · : N a(j)], j = 1, 2, ..., p, (2.1)

where
N g(j) = [nih{g(j)}]

is anm×b0 submatrix for superblockg(j), g = 1, 2, ..., a, with
rows corresponding to the varieties and columns correspond-
ing to the blocks, the elementnih{g(j)} being 1 if the varietyi
(= 1, 2, ...,m) is to be allocated in the blockh (= 1, 2, ..., b0),
and being 0 otherwise.

• The design may be the same in allp trials, or different, i.e.,
the equality

N (1) = N (2) = · · · = N (p) (= N (·), say) (2.2)

may hold or not. However, in allp experiments the correspon-
dence of the rows ofN (j) to them varieties is to be the same.
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• Let the observed data be written asy = [y′
1, y

′
2, ...,y

′
p]
′, with

yj = [y′
1(j), y

′
2(j), ...,y

′
a(j)]

′, yg(j) = [y1g(j), y2g(j), ..., ymg(j)]
′,

whereyig(j) is the yield observed for theith variety in thegth
superblock of thejth experiment.

• Let the variety fixed effects be written asτ = [τ1, τ2, ..., τm]′,

• the environment random effects asuE = [u′
E,1, u

′
E,2, ...,u′

E,p]
′,

whereuE,j = [uE,1j, uE,2j, ..., uE,mj]
′,

• the superblock random effects asuA = [u′
A(1), u

′
A(2), ...,u

′
A(p)]

′,

whereuA(j) = [uA,1(j), uA,2(j), ...,uA,a(j)]
′,

• and the block random effects asuB = [u′
B(1), u

′
B(2), ...,u

′
B(p)]

′,

with uB(j) = [u′
B,1(j), u

′
B,2(j), ...,u′

B,a(j)]
′ and relevantuB,g(j).

• Furthermore, let the corresponding unit (plot) error and tech-
nical error variables be written aseU andeT , respectively.

7



2.1The one-stage approach

• For the one-stage analysis the model can then be written

y = Xτ + ZEuE + ZAuA + ZBuB + eU + eT , (2.3)

with X = 1p ⊗ 1a ⊗ Im, ZE = Ip ⊗ 1a ⊗ Im, ZA = Ip ⊗
Ia ⊗ 1m, andZB = diag[ZB(1) : ZB(2) : · · · : ZB(p)], where
ZB(j) = diag[ZB,1(j) : ZB,2(j) : · · · : ZB,a(j)], with ZB,g(j) =
N g(j) given in (2.1).

• This allows E(y) andV = Cov(y) to be written as

E(y)=Xτ = 1p ⊗ 1a ⊗ τ , (2.4)
V =ZECov(uE)Z ′

E + ZACov(uA)Z ′
A + ZBCov(uB)Z ′

B

+ Cov(eU) + Cov(eT ). (2.5)

• For details of the derivation of the model see the Appendix to
Caliński et al. (2005) (i.e., visit the official website ofBiomet-
rics at http://www.biometrics.tibs.org).

8



• Assuming further thatNE → ∞ (which seems to be reason-
able), the covariance matrix (2.5) can be written as

V = σ2
1φ1 + σ2

2φ2 + σ2
3(φ3 + φ4) + Ip ⊗ Ja ⊗ ζE, (2.6)

• whereφ1 = Ip ⊗ Ia ⊗ Im − k−1ZBZ ′
B, φ2 = k−1ZBZ ′

B −
Ip ⊗ Ia ⊗m−1Jm, φ3 = Ip ⊗ (Ia − a−1Ja)⊗m−1Jm, φ4 =
Ip ⊗ a−1Ja ⊗m−1Jm, with Ja = 1a1

′
a, Jm = 1m1′m, are the

pairwise orthogonal projectors on relevant strata, and where
σ2

1, σ2
2, σ2

3 are the corresponding stratum variances,

• ζE = ΣE − A−1
H σ2

AJm, whereΣE = [σE(ii′)] is the matrix
of variances and covariances of the environment effects, here
allowed to depend on the individual varieties and their pairs,
and where the scalarAH and the varianceσ2

A, for superblocks,
are as defined in the Appendix to Caliński et al. (2005).

• This model corresponds to the “model G” of Patterson and
Silvey (1980, p. 229) and the general model (3) in Denis et al.
(1997, p. 163).
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2.2The two-stage approach

• Considering now the two-stage analysis, recall first that each
trial is conducted in a resolvable GL design.

• Suppose that the data from an individual trial are analyzed ac-
cording to a mixed model following from the randomizations
performed within that trial.

• Denote the data from thejth trial by

yj = [y′
1(j), y

′
2(j), ...,y

′
a(j)]

′.

• Then the model concerning thejth trial can be written as

yj = Xjτ j + ZA(j)uA(j) + ZB(j)uB(j) + eU(j) + eT (j), (2.7)

with Xj = 1a ⊗ Im, ZA(j) = Ia ⊗ 1m, and

ZB(j) = diag[ZB,1(j) : ZB,2(j) : · · · : ZB,a(j)],

whereZB,g(j) = N g(j) given in (2.1).
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• This allows the properties ofyj to be written as

E(yj)=Xjτ j = (1a ⊗ Im)τ j = 1a ⊗ τ j, (2.8)

Cov(yj) ≡ V (j) =σ2
1(j)φ1(j) + σ2

2(j)φ2(j)

+ σ2
3(j)φ3(j) + σ2

4(j)φ4(j), (2.9)

where the pairwise orthogonal projectors on relevant strata are

φ1(j) = Ia ⊗ Im − k−1ZB(j)Z
′
B(j),

φ2(j) = k−1ZB(j)Z
′
B(j) − Ia ⊗m−1Jm,

φ3(j) = (Ia − a−1Ja)⊗m−1Jm,

φ4(j) = a−1Ja ⊗m−1Jm,

and whereσ2
1(j), σ2

2(j), σ2
3(j), andσ2

4(j) are the corresponding
stratum variances. This gives the basis for the first stage of the
analysis of MET data.
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• Proceeding to the second stage, suppose that the crop variety
evaluators want to extend the trial results to an agricultural
region of interest.

• Such extension is possible under the assumption that the ex-
perimental fields actually used in the trials can be consid-
ered as “representative” for all fields of the agricultural region
which is to be covered by the subsequent recommendations.

• This suggests to consider the actual trial fields as beeing a
random sample from the population of the fields of that region,
i.e., to adopt a relevant mixed model.

• Under this consideration, let the model (2.3) used in the one-
stage analysis be adopted, but now with the change that the
model for individual trials, (2.7), used in the first stage of the
analysis is to be properly explored in the second stage. This
concerns mainly the covariance matrix.
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• As to the model on which the one-stage analysis is based, the
covariance matrix is of the form (2.6), i.e.,

V = σ2
1φ1 + σ2

2φ2 + σ2
3(φ3 + φ4) + Ip ⊗ Ja ⊗ ζE.

In the present approach to the analysis, at its second stage the
covariance matrix gets the form

V = Ṽ + Ip ⊗ Ja ⊗ ζE, (2.10)

with
Ṽ = diag[Ṽ (1) : Ṽ (2) : · · · : Ṽ (p)],

where now

Ṽ (j) = σ2
1(j)φ1(j) + σ2

2(j)φ2(j) + σ2
3(j)(φ3(j) + φ4(j)). (2.11)

• Note that the difference concerns only the stratum variances.

• This difference will have an important impact on the analyses
performed under the two different approaches.
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3. Estimation of the model parameters

3.1The one-stage approach

• In the one-stage approach the prime interest is to estimate the
variety fixed effects,τ , and relevant covariance matrix.

• As indicated in CCKKP (2009b), the best linear unbiased es-
timator (BLUE) ofτ and its covariance matrix are

τ̂ =(X ′V −1X)−1X ′V −1y, (3.1)
Cov(τ̂ )= (X ′V −1X)−1, (3.2)

respectively, provided thatV is known. Then, for any function
c′τ , the BLUE isĉ′τ = c′τ̂ , with Var(ĉ′τ ) = c′Cov(τ̂ )c.

• In practice,V is usually unknown and is to be estimated.
In the considered model one has to estimate the variances
σ2

1, σ
2
2, σ

2
3, and the matrixζE = ΣE − A−1

H σ2
AJm, with ΣE

composed ofm(m + 1)/2 possibly different parameters.
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• Estimation of the covariance matrixV of such a general structure requires

a solution of the equations (see Rao 1972)

p∑
j=1

U ′
jRyy′RU j =

3∑
`=1

σ2
`

p∑
j=1

U ′
jRV `RU j

+

p∑
j=1

p∑
j′=1

U ′
jRU j′ζEU ′

j′RU j, (3.3)

y′RV `Ry =

3∑
`′=1

σ2
`′tr(RV `RV `′)

+ tr(RV `RV 4), ` = 1, 2, 3, (3.4)

whereV 1 = φ1, V 2 = φ2, V 3 = φ3 + φ4, U ′
1 = [1, 0, ..., 0] ⊗ 1′a ⊗ Im,

U ′
2 = [0, 1, ..., 0] ⊗ 1′a ⊗ Im, · · · , U ′

p = [0, 0, ..., 1] ⊗ 1′a ⊗ Im, allowing

V 4 = Ip ⊗ Ja ⊗ ζE to be written asV 4 =
∑p

j=1 U jζEU ′
j, andR =

V −1 − V −1X(X ′V −1X)−1X ′V −1.
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• These equations have to be solved numerically by an iterative
procedure, as shown in Caliński et al. (2005, Section 2.2).

• The final estimator (iterated MINQUE) ofV = Cov(y) can
be written as

V̂ = σ̂2
1φ1 + σ̂2

2φ2 + σ̂2
3(φ3 + φ4) + Ip ⊗ Ja ⊗ ζ̂E, (3.5)

whereσ̂2
1, σ̂

2
2, σ̂

2
3, andζ̂E stand for the final solutions of equa-

tions (3.3) and (3.4).

• Substituting (3.5) forV in (3.1), one obtains an “empirical”
estimator ofτ , i.e.,

τ̃ = (X ′V̂
−1

X)−1X ′V̂
−1

y. (3.6)
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3.2The two-stage approach

• Considering the two-stage approach, note that in the first stage
of the analysis one is intertested to estimate, for each trial (j =
1, 2, ..., p), the relevant variety fixed effects, i.e.,τ j in (2.8),
and then also the covariance matrix (2.9), i.e.,

V (j) = σ2
1(j)φ1(j) + σ2

2(j)φ2(j) + σ2
3(j)φ3(j) + σ2

4(j)φ4(j).

• If the variancesσ2
1(j), σ

2
2(j), σ

2
3(j), andσ2

4(j) in (2.9) were known,
one would obtain (following Section 5.5.1 in Caliński and
Kageyama 2000)

τ̂ j = (X ′
jṼ

−1

(j)Xj)
−1X ′

jṼ
−1

(j)yj, (3.7)

with Cov(τ̂ j) = (X ′
jV

−1
(j)Xj)

−1.

• In practice, these variances are to be estimated.
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• Their estimates can be obtained as solutions of the equations

||φα(j)(Iam − P Xj(V
−1
(j)

))yj||2

= σ2
α(j)tr{φα(j)(Iam − P Xj(V

−1
(j)

))}, α = 1, 2, 3, (3.8)

whereP Xj(V
−1
(j)

) = Xj(X
′
jV

−1
(j)Xj)

−1X ′
jV

−1
(j). Forα = 3 the

above equation reduces to

y′
jφ3(j)yj = σ2

3(j)(a− 1).

• With the resulting estimates one obtains an “empirical” esti-
mator ofτ j, i.e.,

τ̃ j = (X ′
j
̂̃V −1

(j)Xj)
−1X ′

j
̂̃V −1

(j)yj,

wherễV (j) = σ̂2
1(j)φ1(j) + σ̂2

2(j)φ2(j) + σ̂2
3(j)(φ3(j) + φ4(j))

(asσ2
4(j) does not affect the estimation ofτ j).
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• In the second stage of the analysis, the main interest is in estimating the

covariance matrixV = Ṽ + Ip ⊗ Ja ⊗ ζE, given in (2.10). Having from

the first stage the estimates of the covariance matricesṼ (j), j = 1, ..., p,

given in (2.11), it remains to estimate only the partIp ⊗ Ja ⊗ ζE.

• This can be done by solving the equation (3.3), now as
p∑

j=1

U ′
jRyy′RU j =

p∑
j=1

U ′
jRṼ RU j

+

p∑
j=1

p∑
j′=1

U ′
jRU j′ζEU ′

j′RU j, (3.9)

whereṼ is as defined in (2.10). Because the first part on the right has

already been estimated in the first stage, it remains to solve the equation

with regard toζE. This simplifies the estimation process considerably.
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• Finally, the estimator ofV can be written

V̂ = diag[ ̂̃V (1) : ̂̃V (2) : · · · : ̂̃V (p)] + Ip ⊗ Ja ⊗ ζ̂E,
(3.10)

where, forj = 1, 2, ..., p,̂̃V (j) = σ̂2
1(j)φ1(j) + σ̂2

2(j)φ2(j) + σ̂2
3(j)(φ3(j) + φ4(j)).

• With this estimated covariance matrix, one obtains an “empir-
ical” estimator ofτ , as in (3.6), i.e.,

τ̃ = (X ′V̂
−1

X)−1X ′V̂
−1

y,

but now with the dispersion estimator

V̂ = σ̂2
1φ1 + σ̂2

2φ2 + σ̂2
3(φ3 + φ4) + Ip ⊗ Ja ⊗ ζ̂E,

given in (3.5), replaced by that in (3.10).
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4. Analysis of variance and relevant test criteria

• The indicated differences between the two approaches have
also several consequences in the analysis of variance (ANOVA)
and corresponding test statistics.

• For the one-stage approach the relevant ANOVA and testing
procedures are presented in detail in Section 4 of CCKKP
(2009b).

• Here the two-stage approach to the analysis and its interpreta-
tion will be considered.

• The main differences between the two approaches will be in-
dicated at the end of this section.

• First, it is important to realize that the vector of the environ-
ment random effects,uE = [u′

E,1, u
′
E,2, ...,u

′
E,p]

′, has a het-
erogeneous dispersion depending on the varieties, given by
Cov(uE) = Ip ⊗ΣE (if NE →∞, as assumed).
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• Assuming throughout the multivariate normal distributions, note that

uE,1, uE,2, ...,uE,p

are distributed independently, asuE,j ∼ Nm(0,ΣE), j = 1, 2, ..., p. Trans-

forming them to[
Im −m−1Jm

m−11′m

]
uE,j =

[
uE,j − 1muE,·j

uE,·j

]
, (4.1)

j = 1, 2, ..., p, whereuE,·j = m−1
∑m

i=1 uE,ij, one obtains{uE,j−1muE,·j}
for the variety by environment (V× E) interactions, and{uE,·j} for the

environment main effects. Their covariance matrix is

Cov

{[
uE,j − 1muE,·j

uE,·j

] }
=

[
ΣV E ΣV E,E

Σ′
V E,E σ2

E

]
, (4.2)

ΣV E = (Im−m−1Jm)ΣE(Im−m−1Jm), ΣV E,E = m−1(Im−m−1Jm)ΣE1m,

σ2
E = m−21′mΣE1m . Of interest are alsoc′(Im − m−1Jm)uE,j, with

Var{c′(Im −m−1Jm)uE,j} = c′ΣV Ec, for anyj.
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• Particular attention is usually paid to tests concerningτ = [τ1, τ2, ..., τm]′,

or rather the variety main effects

(Im −m−1Jm)τ = [τ1 − τ·, τ2 − τ·, ..., τm − τ·]
′,

whereτ· = m−1
∑m

i=1 τi, and also their linear functions.

• Some tests of interest are in CCKKP (2009b), under the one-stage ap-

proach. They will be reconsidered here under the two-stage approach.

• Any test of the hypothesisHV : τ1 = τ2 = · · · = τm, equivalently ex-

pressed as

HV : (Im −m−1Jm)τ = 0, (4.3)

can be based on the data transformation

y∗ = {Ip ⊗ Ia ⊗ (Im −m−1Jm)}y. (4.4)
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• Note that

E(y∗) = {1p ⊗ 1a ⊗ (Im −m−1Jm)}τ = X∗τ ,

Cov(y∗) = {Ip ⊗ Ia ⊗ (Im −m−1Jm)}V ∗

× {Ip ⊗ Ia ⊗ (Im −m−1Jm)} = Θ (say), (4.5)

whereX∗ = 1p ⊗ 1a ⊗ (Im −m−1Jm) = X(Im −m−1Jm) and

V ∗ = diag[V ∗(1) : V ∗(2) : · · · : V ∗(p)], with (4.6)

V ∗(j) =


σ2

1φ1(j) + σ2
2(Iam − φ1(j)) + Ja ⊗ΣV E

in the one-stage approach,

σ2
1(j)φ1(j) + σ2

2(j)(Iam − φ1(j)) + Ja ⊗ΣV E

in the two-stage approach

(the matrixV ∗ being p.d. in any case).
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• These results suggest that the ANOVA of the transformed data (4.4) can be

based on appropriate partition of the total sum of squares

y′
∗Θ

+y∗ = y′
∗V

−1
∗ y∗ = y′Θ+y = Q (say), (4.7)

where

Θ+ = {Ip ⊗ Ia ⊗ (Im −m−1Jm)}V −1
∗ {Ip ⊗ Ia ⊗ (Im −m−1Jm)}

is the Moore-Penrose inverse of the matrixΘ = Cov(y∗) in (4.5).

• The form of ANOVA for MET data depends on the existence ofΣV E.

• In the case now considered, ofΣV E 6= 0, the analysis is to be focused on

the relative performance of the varieties, first at each of thep environments

selected for the trials, and then on the average relative performance of the

varieties over the range of environmental conditions. Thus, the present

analysis is to be preceded byp partial analyses on ana × m data table

each, to concentrate finally on ap×m table of data.
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• Let this approach be now presented as based on

y∗ ∼ Nn(X∗τ ,Θ). (4.8)

Of interest are first the relative performances of the varieties at different

environments.

• Note that the data vector transformed as in (4.4) can be written

y∗ = {Ip ⊗ Ia ⊗ (Im −m−1Jm)}y = [y′
∗1, y

′
∗2, ...,y

′
∗p]

′,

where (forj = 1, 2, ..., p,)

y∗j = {Ia ⊗ (Im −m−1Jm)}yj ∼ Nam(X∗(j)τ ,Θ(j)), (4.9)

with

• E(y∗j) = {1a ⊗ (Im −m−1Jm)}τ = 1a ⊗ (Im −m−1Jm)τ = X∗(j)τ ,

• Cov(y∗j) = {Ia ⊗ (Im −m−1Jm)}V ∗(j){Ia ⊗ (Im −m−1Jm)} = Θ(j).
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• Under (4.9), of main interest is the BLUE of the vector of variety main

effects{τi − τ·}, based on the trial data at thejth environment. It is ob-

tainable, referring to Corollary 3.3 in Rao (1973), in the form

uV (E,j) = (Im −m−1Jm){(1′a ⊗ Im)V −1
∗(j)(1a ⊗ Im)}−1(1′a ⊗ Im)V −1

∗(j)y∗j

= (Im −m−1Jm){(1′a ⊗ Im)Ṽ
−1

∗(j)(1a ⊗ Im)}−1(1′a ⊗ Im)Ṽ
−1

∗(j)y∗j,

(4.10)

Ṽ ∗(j) =

{
σ2

1φ1(j) + σ2
2(Iam − φ1(j)) in the one-stage approach,

σ2
1(j)φ1(j) + σ2

2(j)(Iam − φ1(j)) in the two-stage approach.

• It follows that

Cov(uV (E,j))=(Im −m−1Jm){(1′a ⊗ Im)V −1
∗(j)(1a ⊗ Im)}−1(Im −m−1Jm)

=(Im −m−1Jm){(1′a ⊗ Im)Ṽ
−1

∗(j)(1a ⊗ Im)}−1(Im −m−1Jm)

+ ΣV E = DV (E,j) (say).
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• The estimatoruV (E,j) in (4.10) can be seen as a measure of the relative

performance of the varieties at thejth environment. In fact, the BLUE

given in (4.10) is equivalent to(Im−m−1Jm)τ̂ j, whereτ̂ j is as obtainable

in the first stage of the analysis.

• The BLUEs obtained, forj = 1, 2, ..., p, according to (4.10), written as

[uV (E,1) : uV (E,2) : · · · : uV (E,p)]
′, (4.11)

give thep×m table of transformed data for the inter-trial analysis.

• To accomplish it, write (4.11) as a vector

uV (E) = [u′
V (E,1), u

′
V (E,2), ...,u

′
V (E,p)]

′, for which (4.12)

E(uV (E)) = 1p ⊗ (Im −m−1Jm)τ and Cov(uV (E)) = DV (E), obtained as

DV (E) = diag[DV (E,1) : DV (E,2) : · · · : DV (E,p)].

28



• The model for the inter-trial analysis can then be written as

uV (E) ∼ Npm{1p ⊗ (Im −m−1Jm)τ , DV (E)}. (4.13)

• The BLUE of(Im −m−1Jm)τ , denoted here byuV , is of the form

uV = (Im −m−1Jm)(X ′V −1
∗ X)−1X ′V −1

∗ (Ip ⊗ 1a ⊗ Im)uV (E)

= (Im −m−1Jm)(X ′V −1
∗ X)−1X ′V −1

∗ y∗. (4.14)

• In fact, it is the BLUE of(Im −m−1Jm)τ also undery∗ ∼ Nn(X∗τ ,Θ).

• Furthermore,

Cov(uV ) = (Im −m−1Jm)(X ′V −1
∗ X)−1(Im −m−1Jm) = DV . (4.15)

• Thus,

uV ∼ Nm{(Im −m−1Jm)τ , DV }. (4.16)
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• To find theF statistic for testingHV : (Im −m−1Jm)τ = 0, note that

QV = u′
V D−

V uV = y′
∗V

−1
∗ X(X ′V −1

∗ X)−1X ′V −1
∗ y∗ (4.17)

can be shown (see Theorem 9.2.1 in Rao and Mitra, 1971) to be

QV ∼ χ2(νV , δV ), (4.18)

whereνV = m−1 andδV = τ ′(Im−m−1Jm)X ′V −1
∗ X(Im−m−1Jm)τ .

• As to the denominator sum of squares, a proper choice is

QV E = u′
V (E)D

−
V (E)uV (E) − u′

V D−
V uV

= y′
∗V

−1
∗ [(Ip ⊗ 1a ⊗ Im){(Ip ⊗ 1′a ⊗ Im)V −1

∗ (Ip ⊗ 1a ⊗ Im)}−1

× (Ip ⊗ 1′a ⊗ Im)−X(X ′V −1
∗ X)−1X ′]V −1

∗ y∗. (4.19)

• It can be shown (referring as above), that

QV E ∼ χ2(νV E, 0), where νV E = (p− 1)(m− 1). (4.20)
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• Furthermore, one can show (referring to Theorem 9.4.1 in Rao and Mitra,

1971) thatQV andQV E are distributed independently.

• These results can be summarized in an ANOVA form, as in Table 1, with

QV A(E) = y′
∗V

−1
∗ y∗ − (QV + QV E).

Table 1:Analysis of variance of MET data in the

presence of V× E interactions

Source of variation Degrees of freedom Sum of squares Expected mean square

Varieties νV = m− 1 QV 1 + ν−1
V δV

Inter-trial residualsνV E = (p− 1)(m− 1) QV E 1

Intra-trial residualsνV A(E) = p(a− 1)(m− 1) QV A(E) 1

Total ν = pa(m− 1) Q —
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• A relevantF statistic for testingHV : (Im −m−1Jm)τ = 0 is

FV =
νV E

νV

QV

QV E
. (4.21)

It has a noncentralF distribution withνV andνV E d.f., and the noncen-

trality parameterδV = τ ′(Im −m−1Jm)X ′V −1
∗ X(Im −m−1Jm)τ , as in

(4.18).

• The test is exact if the true matrixV ∗ is used. Otherwise, one has to use

V̂ ∗ = diag[V̂ ∗(1) : V̂ ∗(2) : · · · : V̂ ∗(p)], with V̂ ∗(j) = (4.22){
σ̂2

1φ1(j) + σ̂2
2(Iam − φ1(j)) + Ja ⊗ Σ̂V E in the one-stage approach,

σ̂2
1(j)φ1(j) + σ̂2

2(j)(Iam − φ1(j)) + Ja ⊗ Σ̂V E in the two-stage approach,

whereΣ̂V E = (Im −m−1Jm)ζ̂E(Im −m−1Jm), with ζ̂E standing for the

final solution of the equation (3.9). Then the test becomes approximate.

• The above inter-trial analysis meets the conditions of Theorem 3.2 in Rao

(1971).
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• WhenHV is rejected, then certain hypotheses implied by it may become

interesting. In general, one may be interested in testing

Hc′V : c′(Im −m−1Jm)τ = 0. (4.23)

• As a statistic for testingHc′V one can use

Fc′V = νV E
(c′uV )2/(c′DV c)

QV E
, (4.24)

which has a noncentralF distribution with 1 andνV E = (p − 1)(m − 1)

d.f., and the noncentrality parameterδc′V following from the distribution

(c′uV )2/(c′DV c) ∼ χ2(1, δc′V ), δc′V = {c′(Im −m−1Jm)τ}2/(c′DV c).

• Of course, this test will be only approximate if the matrixV ∗ appearing

in the formulae ofuV , (4.14),DV , (4.15), andQV E, (4.19), is not known

and is replaced bŷV ∗.
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• Note that in the present analysis, withΣV E 6= 0, the number
of estimated parameters, variances and covariances, may be
very large. Therefore, the precision of the approximation may
be not sufficiently satisfactory.

• As to the test of the overall hypothesisHV , one can expect in
the analysis of MET data to obtain usually quite high value
of FV , given in (4.21), leading to the rejection ofHV without
much doubt.

• But when going to tests of hypotheses of the typeHc′V , for
individual variety contrasts of interest, one has to be more
restrained, rejecting such hypothesis only, ifFc′V , given in
(4.24), exceeds the corresponding upperα point substantially.

• Of course, this critical point will be the smaller, the larger the
value ofνV E = (p − 1)(m − 1). In practice, this number of
d.f. is usually sufficiently large to avoid doubtful decisions in
connection with the test (4.24).
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• In relation to the hypothesis (4.23),Hc′V : c′(Im − m−1Jm)τ = 0, and

its test (4.24),Fc′V , it may be interesting to see how stable is a contrast

c′(Im −m−1Jm)τ declared significant.

• For this, one can test a hypothesis of the type

Hc′V E : σ2
c′V E = 0, where σ2

c′V E = c′ΣV Ec, (4.25)

for anym× 1 vectorc of interest.

• To find an appropriate test statistic forHc′V E, the transformation

y(c)
∗ = {Ip ⊗ Ia ⊗ c′(Im −m−1Jm)}y = (Ip ⊗ Ia ⊗ c′)y∗, (4.26)

can be used, for which

E(y(c)
∗ ) = {1p ⊗ 1a ⊗ c′(Im −m−1Jm)}τ = (1p ⊗ 1a)c

′(Im −m−1Jm)τ ,

Cov(y(c)
∗ ) = {Ip ⊗ Ia ⊗ c′(Im −m−1Jm)}V ∗{Ip ⊗ Ia ⊗ (Im −m−1Jm)c}

= Θ(c) (say).
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• If Hc′V E is true, the matrixΘ(c) reduces to

Θ̃(c) = {Ip ⊗ Ia ⊗ c′(Im −m−1Jm)}Ṽ ∗

× {Ip ⊗ Ia ⊗ (Im −m−1Jm)c}, (4.27)

where

Ṽ ∗ = diag[Ṽ ∗(1) : Ṽ ∗(2) : · · · : Ṽ ∗(p)], with

Ṽ ∗(j) =

{
σ2

1φ1(j) + σ2
2(Iam − φ1(j)) in the one-stage approach,

σ2
1(j)φ1(j) + σ2

2(j)(Iam − φ1(j)) in the two-stage approach.

• With it, the required test statistic can be based on two quadratic forms:

Q̃
(c)
V E = (y(c)

∗ )′Θ̃
−1

(c) [(Ip ⊗ 1a){(Ip ⊗ 1′a)Θ̃
−1

(c)(Ip ⊗ 1a)}−1(Ip ⊗ 1′a)

− {(1′p ⊗ 1′a)Θ̃
−1

(c)(1p ⊗ 1a)}−1Jp ⊗ Ja]Θ̃
−1

(c)y
(c)
∗ ,

Q̃
(c)
V A(E) = (y(c)

∗ )′Θ̃
−1

(c) [Θ̃(c)

− (Ip ⊗ 1a){(Ip ⊗ 1′a)Θ̃
−1

(c)(Ip ⊗ 1a)}−1(Ip ⊗ 1′a)]Θ̃
−1

(c)y
(c)
∗ .
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• It can be shown that̃Q(c)
V E ∼ χ2(νE, 0), if Hc′V E : σ2

c′V E = 0 is true,

and that, independently,̃Q(c)
V A(E) ∼ χ2(νA(E), 0), whereνE = p − 1 and

νA(E) = p(a− 1).

• Thus, as a test statistic forHc′V E, the ratio

Fc′V E =
νA(E)

νE

Q̃
(c)
V E

Q̃
(c)
V A(E)

(4.28)

can be used. UnderHc′V E it has a centralF distribution withνE andνA(E)

d.f. Certainly, this test is exact provided that the true matrixṼ ∗ is used. If

replaced by its estimate, the test is approximate.

• Note that among hypotheses of the typeHc′V : c′(Im −m−1Jm)τ = 0, of

particular interest areHc′iV
: c′i(Im − m−1Jm)τ = 0, for i = 1, 2, ...,m,

where the vectors denoted byci are defined asc1 = [1, 0, ..., 0]′, c2 =

[0, 1, ..., 0]′, ...,cm = [0, 0, ..., 1]′.
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• These hypotheses, which can also be written asHV (i) : τi − τ· = 0, for

i = 1, 2, ...,m, concern the average relative yielding capacity of individual

varieties.

• It may be convenient to write the test statistic (4.24) for them as

Fc′iV
≡ FV (i) = νV E

(c′iuV )2/(c′iDV ci)

QV E
(i = 1, 2, ...,m). (4.29)

• So, these tests, together with those for the corresponding hypotheses (4.25)

specified asHc′iV E : c′iΣV Eci = 0, equivalently written asHV E(i) : σ2
V E(i) =

0, with σ2
V E(i) = σE(ii) − σE(·i) − σE(i·) + σE(··), i.e., tests given in (4.28),

which can now be written as

Fc′iV E ≡ FV E(i) =
νA(E)

νE

Q̃
(ci)
V E

Q̃
(ci)
V A(E)

(i = 1, 2, ...,m), (4.30)

are the most interesting in evaluating the relative performance of the vari-

eties, their yielding capacity and stability.
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• Finally, it is worth noting the main differences between the two considered

approaches.

• In the one-stage approach all the formulae given in the present section

are applicable with the individual trial variancesσ2
1(j) andσ2

2(j), for j =

1, 2, ..., p, replaced by the common variancesσ2
1 andσ2

2. Their estimates

are obtainable by solving the equtions (3.3) and (3.4).

• So, the main difference with regard to the methods considered in the present

section concerns the covariance matrix Cov(y∗) in (4.5), where

V ∗ = diag[V ∗(1) : V ∗(2) : · · · : V ∗(p)], with (4.31)

V ∗(j) =


σ2

1φ1(j) + σ2
2(Iam − φ1(j)) + Ja ⊗ΣV E

in the one-stage approach,

σ2
1(j)φ1(j) + σ2

2(j)(Iam − φ1(j)) + Ja ⊗ΣV E

in the two-stage approach.
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• Consequences of this difference between the two approaches
for all formulae given here, should be evident.

• Thus, in the one stage approach the number of the unknown
stratum variances is much smaller.

• However, when the overall analysis is preceded by the anal-
yses of individual trials, as in the two-stage approach, some
results obtainable from the first stage can easily be explored
in the second stage, as shown, e.g., in (3.9) and (4.22).
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5. Example
• The analyzed series of trials with winter rye consists of 15 ex-

periments conducted in the 2004/2005 season by the Research
Centre for Cultivar Testing, Słupia Wielka, Poland.

• Every trial was arranged in an affine resolvable design (an op-
timal GL design) withv = 18 varieties allocated inb = 12
blocks grouped intoa = 4 superblocks (replications), each
containingb0 = 3 blocks, ofk = 6 plots each.

• Different designs (in the sense of assigning the varieties to
treatment labels) were used in different locations.

• Before their application, the designs were randomized inde-
pendently in the described way.

• Among the 18 varieties there were 4 standards and 14 candi-
dates. The analysed trait was the grain yield recalculated to
standard moisture content of 15% and expressed in dt/ha.

• The analysis has been performed using both the one-stage and
the two stage methodology.
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Table 2:Experimental design applied in the first location(prior to randomization)

Superblock 1 Superblock 2

Block Varieties Block Varieties

1 1 3 7 8 13 16 1 2 3 4 7 11 18

2 6 10 11 14 15 18 2 5 8 10 12 13 15

3 2 4 5 9 12 17 3 1 6 9 14 16 17

Superblock 3 Superblock 4

Block Varieties Block Varieties

1 1 3 10 12 17 18 1 5 7 15 16 17 18

2 2 6 7 9 13 15 2 1 2 6 8 11 12

3 4 5 8 11 14 16 3 3 4 9 10 13 14

In the following tables the locations of experiments are numbered as follows: 1–Masłowice,
2–Przecław, 3–Dukla, 4–Ruska Wieś, 5–Seroczyn, 6–Kościelec, 7–Króscina Mała, 8–Uhnin,
9–Rarwino, 10–Lúcmierz, 11–Lubinicko, 12–Kochcice, 13–Marianowo, 14–Pokój, 15–Jelenia
Góra
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Table 3:Mean grain yield in dt/ha of winter rye varieties at different locations(environments)

Variety Location Mean

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

G1 52.3 72.0 68.3 73.0 78.9 82.3 87.0 69.3 59.9 74.8 75.7 79.2 67.4 45.4 73.2 70.6

G2 52.3 73.6 71.2 76.8 76.8 78.7 83.2 66.7 66.4 72.5 77.2 75.2 64.1 40.7 77.0 70.2

G3 62.0 87.2 82.5 83.3 89.2 94.4 91.6 86.8 79.6 82.7 87.0 93.4 79.9 51.3 92.3 82.9

G4 71.5 80.1 78.2 81.6 86.6 88.8 89.9 79.5 72.2 76.7 82.0 79.2 80.7 54.2 86.9 79.2

G5 55.8 76.1 72.4 74.0 83.3 83.0 81.6 70.7 68.8 78.2 79.1 78.5 73.9 40.1 80.2 73.1

G6 52.7 71.4 70.0 79.9 78.0 89.4 75.5 76.2 64.8 74.3 74.3 69.2 69.3 40.7 75.1 70.7

G7 50.9 74.5 67.0 71.6 79.9 82.2 83.5 77.6 55.9 68.8 76.5 90.3 71.6 42.1 77.6 71.4

G8 65.1 88.3 71.9 89.0 96.3 94.8 92.8 75.1 87.5 80.5 91.8 75.5 74.5 55.6 94.4 82.2

G9 53.7 74.2 69.4 77.0 80.6 81.9 79.3 78.7 70.2 72.7 73.8 67.2 64.3 42.1 77.5 70.8

G10 52.2 73.5 66.5 74.5 80.2 83.3 81.5 68.6 68.3 75.7 77.0 87.1 76.9 46.0 78.8 72.7

G11 57.3 77.0 69.0 77.4 83.3 90.6 89.3 76.2 71.0 78.0 80.5 69.8 65.1 41.2 82.9 73.9

G12 67.7 83.8 73.2 77.9 92.4 91.7 92.4 81.2 85.9 83.2 88.5 82.0 75.9 48.8 87.0 80.8

G13 59.3 82.3 74.7 80.9 93.7 91.5 88.1 85.6 78.1 81.2 83.0 77.1 76.9 51.7 87.5 79.4

G14 67.4 84.5 71.8 84.4 92.6 95.4 85.2 81.1 80.7 84.3 81.6 75.4 74.6 49.5 87.8 79.7

G15 68.3 89.9 74.5 87.7 95.8 98.5 88.5 86.7 91.4 82.5 84.5 82.3 73.4 56.0 94.4 83.6

G16 60.9 90.5 83.1 93.6 101.6 102.2 91.9 88.1 88.9 96.9 93.9 90.1 78.1 51.8 93.4 87.0

G17 67.8 86.0 74.6 90.0 100.7 95.4 85.3 88.8 81.1 91.6 85.5 82.4 80.0 58.8 94.4 84.2

G18 60.5 90.8 77.7 91.6 99.1 93.6 92.5 85.5 90.7 87.4 87.9 75.3 73.0 48.1 95.7 83.3

Mean 59.9 80.9 73.1 81.4 88.3 89.9 86.6 79.0 75.6 80.1 82.2 79.4 73.3 48.0 85.3 77.5
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Table 4:Estimates of the stratum variances at different locations obtained in the two-stage

approach, and over all in the one-stage approach(results of the convergence of the iterative

procedure obtained at precision = 0.000001)

Stratum Location Over

variances 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 all

σ̂2
1 1.94 5.69 3.89 4.43 13.25 19.55 5.89 9.00 8.50 13.05 7.11 13.23 20.97 16.14 2.94 8.69

σ̂2
2 6.71 7.34 12.93 14.41 56.89 21.86 16.59 1.68 14.83 80.45 8.92 13.71 41.56 35.36 9.05 21.95

σ̂2
3 1.34 50.78 15.02 251.05 93.07 103.41 18.45 10.86 3.97 8.08 11.28 21.49 269.40 80.14 58.67 65.98

σ̂2
2/σ̂

2
1 3.45 1.29 3.33 3.25 4.29 1.12 2.82 0.19 1.75 6.16 1.25 1.04 1.98 2.19 3.08 2.53

Iterations 9 11 9 9 9 12 10 35 11 9 11 11 11 11 9 8
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Table 5:Estimates of the variety fixed effects(true means) obtained in the two-stage approach

Variety Location Over

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 all

G1 52.57 71.93 68.13 73.15 76.91 82.42 87.48 70.67 60.20 73.47 75.74 79.17 67.99 44.28 72.94 70.32

G2 52.28 73.71 71.30 76.99 78.33 78.74 83.14 66.56 66.21 73.30 77.26 75.23 64.16 41.38 77.08 70.64

G3 62.22 87.18 81.76 82.89 91.01 94.42 91.40 86.79 79.94 82.03 87.08 93.42 79.52 52.06 92.34 82.98

G4 70.93 80.20 78.13 81.46 87.82 88.80 89.70 79.66 72.13 79.19 81.87 79.19 80.26 53.60 87.17 79.35

G5 55.49 76.16 72.18 74.10 82.69 83.01 81.11 69.96 68.66 76.98 79.08 78.50 73.13 40.40 80.13 72.61

G6 52.83 71.26 69.97 79.25 78.27 89.48 76.31 76.67 64.46 75.32 74.43 69.23 69.19 40.98 75.51 70.64

G7 51.41 74.42 67.47 71.97 79.72 82.29 83.76 76.72 55.47 69.64 76.34 90.31 71.55 42.26 77.22 71.46

G8 64.93 88.53 71.21 88.88 96.88 94.75 92.30 75.63 87.39 80.08 91.73 75.52 74.42 55.36 94.16 82.14

G9 53.39 74.11 70.15 77.04 80.26 81.76 79.68 78.92 70.22 70.74 73.92 67.15 63.87 42.54 78.04 71.00

G10 52.18 73.50 66.50 75.40 79.61 83.42 81.98 68.35 68.66 76.26 76.90 87.06 76.93 45.83 78.35 72.21

G11 57.19 76.87 69.29 76.99 83.98 90.46 89.08 75.87 71.16 75.98 80.49 69.80 65.57 41.58 83.30 73.88

G12 67.60 83.64 73.98 78.21 91.68 91.59 91.81 81.71 85.62 84.84 88.63 81.99 77.22 49.27 86.90 80.97

G13 59.31 82.44 74.30 81.24 92.31 91.45 88.82 86.05 77.92 80.93 83.03 77.13 77.19 51.49 87.32 79.04

G14 66.90 84.51 72.04 84.20 92.59 95.44 84.90 80.66 80.54 83.76 81.52 75.40 74.62 48.59 87.45 79.43

G15 68.63 89.93 74.39 87.31 95.37 98.58 88.30 86.68 91.62 83.52 84.44 82.32 73.41 55.53 94.34 83.61

G16 60.90 90.49 83.33 92.97 101.53 102.16 91.72 87.03 88.94 96.44 93.89 90.08 78.06 52.18 93.19 86.75

G17 67.87 85.93 74.54 90.36 100.73 95.34 85.16 88.89 81.55 91.00 85.51 82.48 79.17 58.74 94.34 83.74

G18 61.00 90.82 77.55 92.15 99.22 93.61 92.52 85.68 90.72 88.60 87.90 75.30 73.45 47.99 96.40 83.74

Mean 59.87 80.87 73.12 81.37 88.27 89.87 86.62 79.03 75.63 80.12 82.21 79.41 73.32 48.00 85.34 77.47
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Table 6:Estimated variety main effects at different locations and over all of them, in the two-stage approach

Variety Location Over

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 all

G16 1.03 9.62 10.21 11.61 13.26 12.29 5.10 8.00 13.30 16.33 11.68 10.67 4.74 4.18 7.84 9.28

G18 1.13 9.95 4.42 10.78 10.95 3.73 5.90 6.65 15.09 8.48 5.69 -4.10 0.13 -0.01 11.06 6.27

G17 8.00 5.06 1.41 9.00 12.46 5.47 -1.45 9.87 5.92 10.88 3.30 3.08 5.85 10.74 9.00 6.26

G15 8.76 9.06 1.26 5.95 7.09 8.71 1.68 7.66 15.99 3.40 2.23 2.92 0.09 7.53 9.00 6.14

G3 2.36 6.31 8.63 1.53 2.74 4.55 4.78 7.76 4.31 1.92 4.87 14.01 6.20 4.06 6.99 5.51

G8 5.06 7.66 -1.92 7.51 8.61 4.87 5.68 -3.40 11.75 -0.03 9.52 -3.88 1.10 7.36 8.82 4.67

G12 7.73 2.77 0.86 -3.15 3.41 1.72 5.19 2.68 9.98 4.72 6.42 2.58 3.91 1.27 1.56 3.49

G14 7.04 3.64 -1.08 2.84 4.32 5.56 -1.72 1.64 4.90 3.64 -0.69 -4.01 1.31 0.59 2.10 1.95

G4 11.06 -0.67 5.01 0.09 -0.45 -1.08 3.08 0.64 -3.50 -0.92 -0.34 -0.21 6.94 5.59 1.83 1.87

G13 -0.56 1.57 1.17 -0.13 4.04 1.58 2.20 7.02 2.29 0.82 0.82 -2.28 3.88 3.48 1.98 1.57

G11 -2.67 -3.99 -3.83 -4.38 -4.29 0.59 2.46 -3.16 -4.48 -4.14 -1.72 -9.60 -7.75 -6.42 -2.05 -3.59

G5 -4.38 -4.71 -0.95 -7.26 -5.59 -6.86 -5.51 -9.06 -6.98 -3.13 -3.13 -0.91 -0.18 -7.61 -5.22 -4.86

G10 -7.68 -7.37 -6.62 -5.97 -8.67 -6.45 -4.64 -10.68 -6.98 -3.86 -5.31 7.66 3.61 -2.17 -6.99 -5.26

G7 -8.46 -6.45 -5.66 -9.40 -8.55 -7.59 -2.86 -2.31 -20.16 -10.48 -5.86 10.91 -1.77 -5.75 -8.13 -6.01

G9 -6.48 -6.76 -2.97 -4.32 -8.02 -8.11 -6.94 -0.11 -5.42 -9.38 -8.29 -12.25 -9.45 -5.46 -7.30 -6.48

G6 -7.04 -9.61 -3.15 -2.12 -10.00 -0.39 -10.31 -2.36 -11.17 -4.79 -7.78 -10.17 -4.13 -7.03 -9.83 -6.83

G2 -7.59 -7.16 -1.83 -4.37 -9.94 -11.13 -3.48 -12.47 -9.43 -6.82 -4.95 -4.18 -9.16 -6.62 -8.26 -6.83

G1 -7.30 -8.94 -4.99 -8.21 -11.37 -7.46 0.86 -8.36 -15.43 -6.65 -6.47 -0.24 -5.32 -3.72 -12.40 -7.15

MSV (j) 88.32 33.18 20.78 34.88 20.60 8.85 14.51 32.18 51.80 13.86 19.69 16.45 5.21 7.90 73.83 -

The critical values for MSV (j) are 1.62 at the level 0.05 and 1.97 at 0.01
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Table 7a:Comparison of the variety main effects estimated in the one-stage(A) and the two-stage(B) approaches

Variety Location

1 2 3 4 5 6 7 8

A B A B A B A B A B A B A B A B

G1 -7.34 -7.30 -9.06 -8.94 -4.97 -4.99 -8.23 -8.21 -10.87 -11.37 -6.72 -7.46 0.82 0.86 -10.14 -8.36

G2 -7.59 -7.59 -7.00 -7.16 -1.84 -1.83 -4.40 -4.37 -10.33 -9.94 -10.90 -11.13 -3.48 -3.48 -12.25 -12.47

G3 2.32 2.36 6.27 6.31 8.75 8.63 1.59 1.53 2.28 2.74 4.81 4.55 4.80 4.78 7.83 7.76

G4 11.16 11.06 -0.49 -0.67 5.02 5.01 0.12 0.09 -0.75 -0.45 -1.32 -1.08 3.09 3.08 0.37 0.64

G5 -4.33 -4.38 -4.55 -4.71 -0.90 -0.95 -7.27 -7.26 -5.44 -5.59 -6.73 -6.86 -5.47 -5.51 -8.13 -9.06

G6 -7.05 -7.04 -9.85 -9.61 -3.14 -3.15 -2.02 -2.12 -10.08 -10.00 -0.07 -0.39 -10.37 -10.31 -2.93 -2.36

G7 -8.55 -8.46 -6.61 -6.45 -5.73 -5.66 -9.46 -9.40 -8.50 -8.55 -7.23 -7.59 -2.88 -2.86 -1.06 -2.31

G8 5.09 5.06 8.02 7.66 -1.80 -1.92 7.54 7.51 8.47 8.61 4.38 4.87 5.72 5.68 -4.07 -3.40

G9 -6.42 -6.48 -6.86 -6.76 -3.09 -2.97 -4.33 -4.32 -7.94 -8.02 -8.60 -8.11 -6.97 -6.94 -0.39 -0.11

G10 -7.69 -7.68 -7.32 -7.37 -6.61 -6.62 -6.09 -5.97 -8.52 -8.67 -6.00 -6.45 -4.68 -4.64 -10.37 -10.68

G11 -2.66 -2.67 -4.33 -3.99 -3.89 -3.83 -4.31 -4.38 -4.46 -4.29 -0.10 0.59 2.48 2.46 -2.74 -3.16

G12 7.74 7.73 2.56 2.77 0.74 0.86 -3.20 -3.15 3.59 3.41 1.35 1.72 5.23 5.19 2.00 2.68

G13 -0.56 -0.56 1.83 1.57 1.24 1.17 -0.18 -0.13 4.37 4.04 1.39 1.58 2.14 2.20 6.42 7.02

G14 7.12 7.04 3.68 3.64 -1.12 -1.08 2.87 2.84 4.31 4.32 5.80 5.56 -1.70 -1.72 2.21 1.64

G15 8.70 8.76 9.06 9.06 1.29 1.26 6.01 5.95 7.21 7.09 9.25 8.71 1.69 1.68 7.68 7.66

G16 1.03 1.03 9.66 9.62 10.17 10.21 11.71 11.61 13.28 13.26 12.02 12.29 5.12 5.10 9.47 8.00

G17 7.99 8.00 4.94 5.06 1.42 1.41 8.95 9.00 12.45 12.46 5.07 5.47 -1.44 -1.45 9.73 9.87

G18 1.04 1.13 10.03 9.95 4.45 4.42 10.70 10.78 10.90 10.95 3.59 3.73 5.90 5.90 6.36 6.65

MAD 0.04 0.15 0.05 0.05 0.18 0.36 0.07 0.59
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Table 7b:Comparison of the variety main effects estimated in the one-stage(A) and the two-stage(B) approaches

Variety Location Over

9 10 11 12 13 14 15 all

A B A B A B A B A B A B A B A B

G1 -15.26 -15.43 -6.20 -6.65 -6.40 -6.47 -0.50 -0.24 -5.18 -5.32 -3.87 -3.72 -12.36 -12.40 -7.10 -7.15

G2 -9.50 -9.43 -7.08 -6.82 -4.90 -4.95 -4.24 -4.18 -9.15 -9.16 -6.54 -6.62 -8.27 -8.26 -7.15 -6.83

G3 4.49 4.31 2.15 1.92 5.07 4.87 14.34 14.01 6.10 6.20 4.16 4.06 6.99 6.99 5.48 5.51

G4 -3.51 -3.50 -1.73 -0.92 -0.65 -0.34 -0.02 -0.21 6.83 6.94 5.52 5.59 1.79 1.83 1.70 1.87

G5 -7.07 -6.98 -2.74 -3.13 -3.22 -3.13 -0.90 -0.91 -0.39 -0.18 -7.57 -7.61 -5.21 -5.22 -4.67 -4.86

G6 -11.35 -11.17 -5.14 -4.79 -7.42 -7.78 -9.96 -10.17 -4.17 -4.13 -6.98 -7.03 -9.88 -9.83 -6.69 -6.83

G7 -20.37 -20.16 -10.76 -10.48 -6.21 -5.86 10.24 10.91 -1.79 -1.77 -5.73 -5.75 -8.07 -8.13 -6.14 -6.01

G8 11.70 11.75 0.12 -0.03 9.25 9.52 -3.23 -3.88 1.09 1.10 7.33 7.36 8.85 8.82 4.58 4.67

G9 -5.43 -5.42 -8.74 -9.38 -7.95 -8.29 -12.36 -12.25 -9.55 -9.45 -5.40 -5.46 -7.36 -7.30 -6.79 -6.48

G10 -6.81 -6.98 -4.04 -3.86 -5.61 -5.31 7.71 7.66 3.62 3.61 -2.19 -2.17 -6.94 -6.99 -4.77 -5.26

G11 -4.39 -4.48 -3.47 -4.14 -1.79 -1.72 -9.86 -9.60 -7.62 -7.75 -6.37 -6.42 -2.09 -2.05 -3.69 -3.59

G12 9.87 9.98 4.18 4.72 6.73 6.42 3.08 2.58 4.24 3.91 1.32 1.27 1.57 1.56 3.39 3.49

G13 2.20 2.29 0.89 0.82 0.93 0.82 -2.36 -2.28 3.96 3.88 3.46 3.48 2.00 1.98 1.85 1.57

G14 4.81 4.90 3.81 3.64 -0.79 -0.69 -4.11 -4.01 1.31 1.31 0.48 0.59 2.15 2.10 2.06 1.95

G15 16.10 15.99 3.08 3.40 2.18 2.23 2.68 2.92 0.10 0.09 7.46 7.53 9.00 9.00 6.09 6.14

G16 13.32 13.30 16.49 16.33 11.73 11.68 10.13 10.67 4.74 4.74 4.23 4.18 7.87 7.84 9.38 9.28

G17 6.12 5.92 11.08 10.88 3.35 3.30 3.73 3.08 5.64 5.85 10.73 10.74 9.01 9.00 6.56 6.26

G18 15.10 15.09 8.08 8.48 5.70 5.69 -4.37 -4.10 0.25 0.13 -0.02 -0.01 10.97 11.06 5.92 6.27

MAD 0.10 0.35 0.17 0.29 0.09 0.06 0.03 0.18
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Table 8:Analysis of variance and the inter-trial test(4.21)

Source of variation Degrees of freedom Sum of squares Mean squareFV

Varieties νV = 17 QV = 1592.03 93.649 120.37

Inter-trial residuals νV E = 238 QV E = 185.17 0.778

Intra-trial residuals νV A(E) = 765 QV A(E) = 765.00 1.000

Total ν = 1020 Q = 2542.20 —
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Table 9:Observed and estimated variety means and results of testing hypotheses, in the two approaches

One-stage analysis(A) Two-stage analysis(B) A− B

Variety yi·(·) τ̃A
i τ̃A

i − τ̃A
· FA

V (i) FA
V E(i) τ̃B

i τ̃B
i − τ̃B

· FB
V (i) FB

V E(i) (τ̃A
i − τ̃A

· )− (τ̃B
i − τ̃B

· )

G16 87.01 86.92 9.38 107.23 9.21 86.75 9.28 93.81 14.17 0.10

G18 83.28 83.45 5.92 26.85 13.05 83.74 6.27 25.92 15.84 -0.35

G17 84.17 84.10 6.56 60.98 4.62 83.74 6.26 55.06 6.71 0.30

G15 83.63 83.63 6.09 43.01 5.88 83.61 6.14 39.03 7.77 -0.05

G3 82.88 83.01 5.48 56.02 5.30 82.98 5.51 52.83 6.39 -0.03

G8 82.23 82.12 4.58 18.52 6.06 82.14 4.67 16.23 9.25 -0.09

G12 80.76 80.93 3.39 23.63 4.31 80.97 3.49 23.27 10.20 -0.10

G14 79.75 79.59 2.06 8.64 3.37 79.43 1.95 7.38 6.07 0.11

G4 79.21 79.24 1.70 3.89 5.71 79.35 1.87 4.34 11.24 -0.17

G13 79.43 79.39 1.85 13.62 2.63 79.04 1.57 10.23 3.15 0.28

G11 73.91 73.84 -3.69 30.49 2.85 73.88 -3.59 27.67 3.17 -0.10

G5 73.05 72.87 -4.67 62.17 3.64 72.61 -4.86 63.23 3.60 0.19

G10 72.68 72.76 -4.77 21.99 10.93 72.21 -5.26 21.41 10.52 0.49

G7 71.35 71.39 -6.14 19.73 18.89 71.46 -6.01 17.37 16.28 -0.13

G9 70.83 70.76 -6.79 105.87 2.77 71.00 -6.48 94.04 3.32 -0.31

G6 70.73 70.84 -6.69 73.13 7.58 70.64 -6.83 66.64 8.19 0.14

G2 70.17 70.38 -7.15 111.35 3.36 70.64 -6.83 99.33 4.58 -0.32

G1 70.58 70.44 -7.10 58.64 4.76 70.32 -7.15 54.39 7.04 0.05

0.05 3.88 1.92 3.88 1.92

0.01 6.74 2.51 6.74 2.51
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6. Concluding remarks
• The present paper has been stimulated by the methodology

presented in CCKKP (2009b). As indicated there, the analy-
sis of MET data is to be focused on the relative performance
of the varieties, first at each of thep environments represented
by the trials, and then on the average relative performance of
the varieties over the whole range of the environmental condi-
tions.

• This means to analyze the data in two stages. In the first,p
intra-trial analyses are to be accomplished. In the second, their
results are to be transformed for relevant inter-trial analysis.

• However, in the approach adopted in CCKKP (2009b), both
the intra-trial and the inter-trial analyses are based on the same
randomization-derived model, in which the possibly hetero-
geneous stratum variances from different trials are “averaged
out” to common values.

• In the approach adopted here each trial is first analyzed inde-
pendently, in accordance with a model derived for that trial.
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• Then, in the second stage, the inter-trial analysis utilizes prop-
erly transformed results from the intra-trial analyses.

• This inter-trial analysis is based on a joint model which dif-
fers from that used in CCKKP (2009b) in the sense that now
the stratum variances,σ2

1, σ
2
2, σ

2
3, are specified for each trial

separately, asσ2
1(j), σ

2
2(j), σ

2
3(j), for j = 1, 2, ..., p.

• The present modified model can be seen as more realistic,
mainly because it makes allowance for heterogeneity of the
stratum variances among the trials (following Patterson and
Silvey, 1980). This is particularly important for studying the
yielding capacity of the varieties at different environments.

• Note that the way of incorporating the intra-trial results into
the second stage of the analysis may be seen as a weighting
method. The weights used here are related to the general-
ized least squares estimates obtained under the adopted mixed
model. A comparison of various weighting methods is given
by Möhring and Piepho (2009).
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• The analyzed example does not show substantial differences
between the two compared approaches to the analysis. Partic-
ularly, the differences between them with regard to the overall
estimates of the variety main effects are very small. Their
ranking is also very similar under both approaches.

• Finally, one has to be aware that here it has been assumed
that in each of the analyzedp trials the samem varieties are
compared, and that in each of these trials the applied design
has the same number of superblocks,a, each of which beeing
divided into the same number of blocks,b0, each composed of
the same number of plots,k. It appears that the methods of the
analysis presented here can be generalized to the case when
the numbersa, b0, k are allowed to differ among the trials.
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