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The Yaqui Valley in Sonora, Mexico, is agro-climat-
ically representative of a major ecological zone (mega-
environment) comprised of irrigated wheat areas with 

very low rainfall. In the Yaqui Valley, there are approximately 
225,000 ha of land under an irrigation system where canals are 
used to deliver water from a series of reservoirs for use by farm-
ers as flood or furrow irrigation. Other major representative 
irrigated wheat areas with very low rainfall are the Indus Valley 
in Pakistan, the Gangetic Valley in India, and the Nile Valley 
in Egypt. Around 32 million hectares of wheat (producing 
42.7% of the total wheat production in the world) are grown in 
this type of irrigated environment in the developing world. The 
wheat-growing periods in these areas are associated with tem-
perate climates; however, sudden rises in temperature before and 
after flowering are common and salinity problems may occur 
where drainage is poor (Meisner et al., 1992).

The yield expansion during the Green Revolution era of the 
1970s was the result of sowing varieties with improved disease 
resistance and increased yield potential, together with greater 
use of agricultural inputs. The Yaqui Valley has been the site of 
the wheat breeding operations of the International Maize and 
Wheat Improvement Center (CIMMYT) for more than 50 yr. 
The bread and durum wheat yields in the Valley have progressed 
at a remarkable rate, but the rate of increase has slowed in the last 
decades. However, the gap between the high bread wheat (BW) 
and durum wheat (DW) yields on research stations, and the low 
yields in farmers’ fields in the Yaqui Valley has been, on average 
and over the years, about 3 t ha–1 or more. It should be pointed 
out that farm size in the Yaqui Valley ranges from medium to 
large, from less than 10 ha to more than 150 ha (average farm 
size: about 20 ha); the most common farm size is about 10 ha.

The grain yield gap between CIMMYT’s main wheat breed-
ing experiment station in the Yaqui Valley and farmers’ fields in 
the Yaqui Valley stimulates the practice of evaluating advanced 
bread and durum wheat lines from CIMMYT’s Global Wheat 
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ABSTRACT
On-farm trials of bread and durum wheat in the Yaqui Valley 
region of southern Sonora, Mexico, were established for three 
cropping seasons (2012, 2013, and 2015) using the manage-
ment practices implemented by farmers. The trials comprised 
bread and durum wheats that were sown together under two 
regimes: full irrigation and reduced irrigation. The experi-
ments were replicated and unbalanced, as several bread wheat 
and durum wheat lines were not repeated during the 3 yr. We 
studied the interaction between bread and durum wheats and 
environments (farmer-irrigation-year combinations). To model 
the crossover interaction (COI) and the non-COI components 
of the genotype × environment interaction (G×E) between the 
wheat lines and the environments, we used a linear mixed model 
with the Factor Analytic (FA) model, a parsimonious model 
that is similar to the multiple regression of lines on environ-
ments based on latent variables. In this case, we modeled the 
combined effects of the wheat lines and their interactions with 
the farmer-irrigation-year combinations. Results show the sepa-
ration of the dynamic (unpredictable) component of the inter-
action (year) from the more static component of the interaction 
due to farmer and irrigation level. The FA model offers a use-
ful alternative for modeling interactions in agronomy-breeding 
experiments to dissect and account for complex interactions 
that are common in agriculture experiments. Furthermore, 
stable wheat lines across all environments were also detected, 
as well the environments that caused most of the interaction.
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Core Ideas 
•	 In agriculture is important to study genotype × environment inter-

action (G×E) interaction and especially the interaction between 
bread and durum wheats and farmer–irrigation–year environmental 
combinations. 

•	 The linear mixed model with the Factor Analytic (FA) is efficient for 
dissenting the main factors affecting G×E.
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Program directly in on-farm trials in the Yaqui Valley under the 
agronomic practices in farmers’ fields in environments with opti-
mum and reduced irrigation. Data on the performance of durum 
and wheat lines evaluated during several years in multi-environ-
ment trials (METs) in farmers’ fields are very valuable for study-
ing and assessing genotype × environment interaction (G×E) and 
the grain yield stability of durum and bread wheat lines.

The differential response of the genotypes across environ-
ments generated G×E variability, which could be due to cross-
over interaction (COI) or non-COI, that is, the change in scale 
of a trait measured in different environments characterized by 
the heterogeneity of genetic variances within different envi-
ronments. Since phenotype is the result of specific genotype 
responses a(α) to specific environmental effects b(γ), Gregorious 
and Namkoong (1986) proposed a joint multiplicative operator 
between these two effects to reflect their non-additivity (i.e., 
non-separability) or their additivity (i.e., separability). From 
Gregorious and Namkoong’s perspective, complete separabil-
ity of effects takes place when each genotype × environment 
cell is defined only by the sum of the corresponding genotypic 
and environmental main effects without including the joint 
multiplicative operator of a(α)b(γ). In multi-environment trials 
(METs), there is non-separability of these effects (i.e., impor-
tant COI), and a joint multiplicative operator of the a(α)b(γ) 
type needs to be defined to study the non-separability (COI) 
of effects. Within the fixed effects linear model perspective, 
the joint multiplicative operator a(α)b(γ) could be considered 
a special case of the use of a linear-bilinear model for analyzing 
METs, such as the sites regression model (SREG) (Crossa and 
Cornelius, 1997). The SREG provides a series of multiplicative 
operators computed from a reduced-rank model matrix of devia-
tions of the parametric cell mean of the ith genotype in the jth 
environment from the mean of the jth environment (i.e., the 
effects of the genotypes plus the effect of the G×E). Singular 
value decomposition based on genotypic and environmental fac-
tors is a method used to estimate the parameters of the reduced-
rank model. It provides a low-dimension representation of the 
variability in the original data (Gabriel, 1978). Model SREG2 
has two multiplicative operators (first and second singular 
vectors for genotypes and environments), each multiplied by a 
constant consisting of the singular value for the first and second 
bilinear component.

The linear-bilinear models mentioned above can be adjusted 
under the fixed effects model perspective; this assumption is 
intrinsically restrictive, since it does not allow making infer-
ences of results to other situations of locations, years, and indi-
viduals. However, linear-bilinear models can be stated as linear 
mixed models assuming certain variance–covariance relation-
ships for the G×E. For example, the SREG model is related to 
the factor analytic (FA) model (for describing the combined 
estimates of the main effects of genotype plus G×E interaction) 
among the s environments by their relationship to unobservable 
latent variables (Lawley and Maxwell, 1971) through a multipli-
cative operator of genotypic and environmental factors. Crossa 
et al. (2004) used the FA model within the linear mixed model 
framework to show that there is no statistically significant 
departure from positive proportionality in disjointed subsets 
of environments or genotypes revealed by the SREG (and the 
Shifted Multiplicative Model) clustering procedures.

The FA multiplicative operator used to describe the effect of 
the ith genotype in the jth environment consists of the sum of k 
latent factors. For the first two latent factors, the FA(2) multipli-
cative operators comprise the loadings for the jth environment, 
and the scores of the ith genotype. The matrices of loadings 
and scores are rotated to obtain a principal component solution 
(Smith et al., 2002) and produce the same graph as the one devel-
oped from SREG2 (for completely balanced data sets), with the 
same interpretation in terms of (i) directions and projections of 
genotypes and environments; and (ii) subsets of environments 
and genotypes with COI and non-COI responses. Using the FA 
variance–covariance structure to model the bilinear terms of a 
mixed model version of the regression of the genotypic mean on 
the site means was first proposed by Piepho (1997). The FA vari-
ance–covariance structure for modeling genotype plus G×E in 
METs is used in plant breeding programs for selecting genotypes 
in each environment based on Best Linear Unbiased Predictions 
(BLUPs) or empirical BLUPs (Smith et al., 2002, 2005; Kelly et 
al., 2007). Furthermore, FA offers a powerful solution for simul-
taneously modeling G×E with heterogeneity of variances and 
covariances between environments together with the numerical 
relationship matrix (A) obtained from the coefficients of parent-
age among genotypes to study additive genetic × environment 
and additive × additive genetic × environment interactions 
(Crossa et al., 2006; Oakey et al., 2006; Burgueño et al., 2007). 

The use of FA in plant breeding for studying G×E has been 
extensive (Meyer, 2009). Recently the use of FA has been 
extended to genomic prediction for assessing G×E interaction; for 
example, Burgueño et al. (2012) compared the predictive power of 
genomic prediction of linear mixed models with a multiplicative 
operator of the type mentioned above with (i) single-environment 
pedigree or/and marker-based models and (ii) multi-environment 
pedigree or/and marker-based models. Burgueño et al. (2012) 
used a FA statistical framework for multi-environments with 
G×E that is flexible enough to incorporate pedigree and genomic 
relationships, and found increasing prediction accuracy when 
using simultaneously genomic and pedigree information while 
modeling the G×E interaction. Furthermore, two recent studies 
aimed at quantifying the genetic gains in two historical data sets 
from CIMMYT’s Global Wheat Breeding Program employed 
the FA for modeling the complex G×E phenomenon (Crespo-
Herrera et al., 2017, 2018). Crespo-Herrera et al. (2018) analyzed 
740 locations in 66 countries classified into low-yielding and 
medium-yielding locations; modeling the complex G×E with the 
FA produced genetic gains of 1.8% in low yielding locations and 
1.41% genetic gains in medium-yielding locations.

Despite the extensive use of FA for assessing and studying 
G×E in plant breeding, the use of linear-bilinear models for 
METs in agronomy and on-farm trials for studying and model-
ing G×E of agronomic practices × environments has decreased. 
Based on these considerations, the main objective of this study 
was to apply the FA model to multi-environment trials estab-
lished by CIMMYT’s Global Wheat Program in farmers’ fields 
in the Yaqui Valley during three cropping seasons (2012–2013, 
2013–2014, and 2015–2016) and model the G×E of several 
durum and bread wheat advanced lines based on grain yield 
(although several traits were measured). Four farmers were 
employed; each planted his own trials in different parts of the 
field using his own agronomic practices including optimal 
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irrigation and reduced irrigation. Different numbers of bread 
and durum wheat lines were planted in the different cropping 
seasons (ranging from 12 to 17 for each crop), making the data 
across cropping seasons very unbalanced. Analyses for modeling 
G×E using the FA model were performed within each cropping 
season and combined across cropping seasons.

The main objectives of this study were to model the G×E 
between the bread and durum wheat lines and the environ-
ments employed in the 3 yr of on-farm trials, and to evaluate 
the efficiency of using a linear mixed model with FA covariance 
structure to identify (i) wheat lines that are highly productive 
and stable in the environments, and (ii) to detect environments 
that cause large (or not) G×E.

mATeRIALS AnD meThODS
Phenotypic Data

Bread and durum wheat lines were evaluated in on-farm trials 
for grain yield and other traits during three cropping seasons 
(2012–2013, 2013–2014, and 2015–2016) in the Yaqui Valley 
of southern Sonora, Mexico. In the first cropping season (2012–
2013) 33 genotypes were evaluated, 17 bread and 16 durum 
wheats; in the second cropping season (2013–2014) 33 geno-
types were also evaluated, only this time there were 14 bread and 
19 durum wheats; finally, in the third cropping season (2015–
2016) only 24 genotypes were evaluated, 12 of which were bread 
wheat and 12 were durum wheat (Table 1). The above situation 
generated an imbalance in the complete data, since the geno-
types evaluated were different in all three cropping seasons; in 
total there were 53 genotypes including both bread and durum 
wheats. In addition, the number of on-farm trials was differ-
ent in each cropping season: in the 2012–2013 and 2015–2016 
cropping seasons, six on-farm trials were established, whereas 
in the 2013–2014 cropping season, only five were performed. 
The frequency with which each genotype was evaluated in each 
on-farm trial (environment) within each cropping season and 
the imbalance pattern are shown in Table 1. In each farmer’s 
field, the wheat and durum lines were planted in a randomized 
complete block design with three replicates.

The notations of the individual environments were as follows: 
the letter F followed by a number stands for a different farmer 
(F1 for farmer 1, F2 for farmer 2, and so on); the next letter 
represents the irrigation scheme (F for full irrigation, or R for 
reduced irrigation), and finally, lower-case letters a or b indicate 
a different place where a farmer’s trial was established under 
the same irrigation scheme (another environment for that same 
farmer). In the combined analysis, we simply added two digits to 
indicate the cropping season (12 for 2012–2013; 13 for 2013–
2014; and 15 for 2015–2016). For example, 12F1Fa stands for 
‘a’ plot (i.e., a place on the farm of farmer 1 in the 2012–2013 
cropping season under full irrigation). Therefore, environment 
is defined as the combination of farmers (and the place where 
the trials was located within that farmer), the irrigation (full 
and reduced), and the year (or cropping season, 2012–2013, 
2013–2014, and 2015–2016)

The trials (environments) were planted by CIMMYT using 
a Wintersteiger experimental plot machine, on the same plant-
ing date as the one used by the farmer in his field. The rest of 
the crop management practices (fertilization, irrigation, weed 
control, etc.,) were implemented by the farmers. The trials were 

combine-harvested by CIMMYT using a Wintersteiger plot 
combine. Each experimental unit was six beds wide, and the bed 
size ranged 75–80 cm wide × 8 m long. Some farmers planted 
three rows of wheat on top of the beds and others planted a 
fourth row in the furrow. The harvested area was the three cen-
tral meters of the two central beds. All the trials were arranged 
as complete block designs with three replicates. Different traits 
such as thousand-grain weight, grain moisture, grain yield, 
“black point” disease scores, and grain quality scores of yellow 
berry, among others, were measured.

STATISTICAL mODeL

We will describe the baseline fixed effect model, the general 
fixed effect linear-bilinear SREG and the linear mixed model 
similar to SREG with the FA model for modeling the main 
effect of the genotypes plus the G×E interaction. Finally, we will 
explain the connection between the SREG and the FA.

The Linear–Bilinear Site Regression Fixed effect model
The baseline fixed effect linear model for response of geno-

types in environments is y ( )i j ij ijij m t d td e= + + + + , where ijy  is 
the empirical mean response of the ith genotype (i = 1,2,…,g) 
in the jth environment ( j = 1,2,…,e) with r replications in 
each of the g×e cells, μ is the grand mean across all genotypes 
and environments,τi is the effect of the ith genotype, δj is the 
effect of the jth environment, (τ δ)ij is the interaction of the ith 
genotype in the jth environment, and

ije  is the (average) error 
assumed to be normally and independent distributed (0,σ2/r) 
(where σ2 is the within-site error variance, assumed to be the 
same for all sites). Note that the term environments may refer to 
individual locations (or sites) in one specific year or several loca-
tions across several years, such that environment is condensed 
and commonly refers to the combination of location (farmer, 
irrigation level, and farmer’s plot) and year.

When the interaction bilinear term,( )ijtd , of the above linear 
model is subjected to singular value decomposition, and decom-
posed as t

1( )ij m k im jmtd S l a g== , this leads to the general formula-
tion for the linear-bilinear model t

1yij i j m m im jmm t d S l a g== + + + , 
where the constant ml  is the singular value of the mth multiplica-
tive component, which is ordered 1 2 t...l l l≥ ≥ ≥ ; ima  corresponds 
to the left singular vector of the mth component and represents 
genotypic sensitivities to hypothetical environmental factors 
represented by the right singular vector of the mth component,

jmg . The ima  and jmg  satisfy the ortho-normalization constraints
0i im im j jm jmSa a S g g′ ′= =  for m≠m´ and 2 2 1i im j jmSa S g= = . This 

fixed effect linear-bilinear model is called the Additive Main 
Effects and Multiplicative Interaction (AMMI) model.

Another class of fixed effects linear-bilinear models, 
described by Crossa and Cornelius (1997), is the SREG 

t
1yij j m m im jm ijm d S l a g e== + + + , where δj is the mean of the jth 

environments and the parameters ml , ima , and jmg  are the same 
as those defined for AMMI. However, in the SREG model, the 
main effects of genotypes and G×E are combined and expressed 
as the sum of bilinear effects. The SREG model has been used 
for grouping environments without genotypic rank change 
(Crossa and Cornelius, 1997; Crossa et al., 2004). The interac-
tion parameters ima  and jmg  of these linear-bilinear models, i.e., 
AMMI and SREG, define the behavior of genotypes and envi-
ronments, and when 1 2,i ia a , and 1 2,j jg g  are plotted together in 
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Table 1. Number of bread wheat (BW) and durum wheat (DW) lines evaluated in the different trials in each of three cropping seasons 
(2012–2013, 2013–2014, 2015–2016). Each trial between cropping seasons corresponds to a different farmer and irrigation regime. Empty 
cells represent imbalanced data.

Trials cropping season
2012–2013

Trials cropping season  
2013–2014

Trials cropping season
2015–2016

Total
Environment Environment Environment

No Crop 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: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, reduced irrigation; b, second plot (b). 
‡ F3F (F4F): farmer 3, full irrigation in cropping seasons 2012–2013 and 2013–2014, and farmer 4, full irrigation in cropping season 2015–2016.



Agronomy Journa l  •  Volume 111, Issue 1 •  2019 5

a biplot (Gabriel, 1978), useful interpretations of the relation-
ships among genotypes, environments, and G×E are obtained. 
Usually 1 2,j jg g  are called primary and secondary effects of 
environments, respectively.

Linear mixed model for the Variance–Covariance 
Structure of the Genotype × environment

Assuming g genotypes, e environments, and r replicates in each 
environment, the response variable can be modeled as follows:

Y = Xb + Zrr + Zgg + e,

where X is the incidence matrix for the fixed effects of environ-
ments, and Zr and Zg are the incidence matrices for the random 
effects of replicates within sites and genotypes within sites that 
combine the main effects of genotypes and G×E. Vector b is the 
fixed effect of environments and vectors r, g, and e are the ran-
dom effects of replicates within environments, genotypes within 
environments, and residuals within environments, respectively, 
and are assumed to be random and normally distributed with 
zero mean vectors and variance–covariance matrices R, G, E, 
respectively, such that the joint distribution of these three terms 

is multivariate normal, that is: ~ N ,

      
      
      
            

r 0 R 0 0
g 0 0 G 0
e 0 0 0 E

.

Similar to Crossa et al. (2004, 2006), a representation of 
these matrices is as follows:

é ùé ù é ùm
ê úê ú ê ú
ê úê ú ê úm ê úê ú ê ú
ê úê ú ê ú
ê úê ú ê ú= + +ê úê ú ê ú
ê úê ú ê ú
ê úê ú ê ú
ê úê ú ê ú
ê úê ú ê úm ê úê ú ê úë û ë û ë û
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ê
ê
ê
ê
ê
ê
ê
ê
ê
êë
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2

1

2
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R
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G

G
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0 . . . 0
. . . . . .. .
. . . . . .. .
. . . . . .. .
0 . . . .

0 . . . 0
0 . . . 0
. . . . . .
. . . . . .
. . . . . .
0 . . . .

e

e

e e

Zy 1
Zy 1

r

Zy 1

Z
Z

Z

ù
ú
ú
ú
ú
ú
ú
ú
ú
ú
ú
úû

g +e

where yj is the vector of the response variable in the jth environ-
ment ( j = 1,2,…,e), 1 is a vector of ones, μj is the population 
mean of the jth environment, and 

R j
Z  and

G j
Z  are the design 

matrices of the random effects of replicates and genotypes 
within the jth environment, respectively. The variance–covari-
ance matrices R and E are R I= ⊗Σr r

, and E I= ⊗Σe rg
, where 

Ir and Irg are the identity matrices of orders r and r × g, respec-
tively, Σr diag= =( )σrj e2 1 2, , , ,j 

 andΣe diag= =( )σe j e2 1 2, , , ,j 

 
are the e × e replicate and error variance–covariance matrices 
among pairs of e environments, respectively; 2

jrs , 2
e j

s  are the rep-
licate and residual variances within the jth environment, respec-
tively, and⊗ is the Kronecker (or direct) product of the two 
matrices. The structure of E assumes that the residuals of the 
field plots at each site (i.e., elements of vector e) are not spatially 
correlated, that is

e rgS= ⊗E I .

modeling matrix G by the Factor Analytic model

Various variance–covariance structures can be proposed to 
model matrix G; the most restrictive variance–covariance struc-
ture would be to assume that variances within all environments 
are equal, and that all pairwise correlations between genotypes are 
zero, whereas the most liberal structure is the completely unstruc-
tured model that assumes the matrix contains e(e+1)/2 parameters. 
In this study, we used the factor analytic structure for modeling G 
in terms of a few hypothetical (unobservable) factors. The unob-
servable factor effect of the ith genotype in the jth environment 
can be expressed as t

1 x dk ik jk ijS d= + , where ikd is the kth random 
regression coefficient of the ith genotype (loading or genotypic 
sensitivity) to the kth unobserved (latent) variable related to the 
jth environment (environmental potentiality), xjk, and dij is the 
residual interaction term. The score of the ith genotype in the kth 
factor component is estimated as a covariance parameter; thus the 
model has a random regression coefficient form where x1k, x2k,…, 
xsk are covariates for the kth factor component. In matrix notation, 
the vector of genotypic effects is represented by g = Δx +d so that 
the variance–covariance of g is V(g) = ΔV(x) Δ́  + D and, since 
V(x) = I, V(g) = Δ Δ́  + D. The factor analytic model implies that 
the variance of the effect of the ith genotype is t 2

1 +dk ik iS d=  and the 
covariance of the effects of genotypes i and í  is t

1 i ik k kS d d ′= .
Therefore, the factor-analytic structure with q ≤ e factors or 

components [FA(q)] is of the form ΔΔ́  + D, where Δ is an e × 
q matrix of δ ś and D is an e × e diagonal matrix with e non-
negative parameters on the diagonal. Each column of Δ contains 
the genotype scores for one of the multiplicative terms. For q = 
1, the model denoted as FA(1) has one multiplicative term and 2e 
parameters to be estimated, for q = 2, i.e., model FA(2), the model 
has 3e parameters to be estimated, and so on for FA(3), etc.

Connection Between Sites Regression 
model And Factor Analytic

The FA can be interpreted as the linear regression of genotype 
and G×E on latent environmental covariates (environmental load-
ings, xjk), with each genotype having a separate slope (genotypic 
scores, δik) but a common intercept (if main effects of genotypes 
are not distinguished from G×E). The slopes of genotypes measure 
the sensitivity of the genotypes to hypothetical environmental 
factors represented by the loadings of each environment. The 
interpretation of the loadings (environments) and scores (lines) of 
the first two components of FA(2) is the same as the interpretation 
obtained by the SREG fixed effect linear model with two compo-
nents (SREG2). Under this rotation, the directions and projections 
of the vectors of FA(2) and SREG2 in the biplot are the same. 
Therefore, the properties that determine that the first component 
of SREG2 accounts for non-COI and the second component of 
SREG2, is due to COI variability should be the same as for FA(2) 
and as shown by Burgueño et al. (2008). Therefore, the FA can be 
considered a member of the general class of linear-bilinear SREG 
models in which a random effects assumption for the multiplica-
tive part of the linear-bilinear model (i.e., SREG) is justified.

Therefore, based on the above considerations, for a completely 
balanced data set, the biplots originated by the SREG2 and the 
FA(2) are equivalent and display similar patterns in terms of direc-
tions and projections of the environments and the genotypes. 
However, in the SREG model, environment, lines and G×E are 
fixed effects and therefore inferences are based solely on these 
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effects, whereas in the linear mixed model with FA, the inferences 
on these effects are based on the variance–covariance structures. 
Thus, the main advantage of the FA over the linear-bilinear fixed 
effect SREG is that by modeling the G×E, the standard error of 
the line means their differences are more precise than in the SREG 
model. In this study we show only biplots generated from FA(2) 
that are very similar to those obtained by the SREG in each year.

Software Used
The mixed models using the FA covariance structure were 

fitted through the ASReml-R package (Butler et al., 2009) 
within the R Statistical software (R Core Team, 2017). The vari-
ance parameters in the mixed models were estimated using the 
Average Information (AI) algorithm.

ReSULTS
Results of Cropping Season 2012–2013

The individual analyses of variance for each cropping season 
show the significance of G×E in all three cropping seasons 
(Table 2). Particularly in the first cropping season (2012–2013), 
the G×E was only significant at a 2.66% level (p = 0.0266), 
while in the other two cropping seasons, it was highly signifi-
cant (p < 0.0001). The contrasts between BW versus DW in 
each of the individual analyses, as well as in the combined analy-
sis across all trials, are depicted in Table 2.

The genetic correlations of the environments obtained after 
fitting FA(2) indicated all correlations were positive and relatively 
high between environments 12F1Fa and 12F1Ra and all the others 
(Table 3), except environment 12F1Rb, which had low correla-
tions with all the other environments except 12F1Fa. For cropping 
season 2012–2013, when fitting the FA(2) model, the two factors 

explained, on average across the six environments, 77.63% [FA(1)] 
and 15.53% [FA(2)] of G×E variability, and together explained 
93.16% of total G×E variability (Table 4); the environment with 
highest production was the fully irrigated 12F2F environment 
(8.881 ton ha–1). For most environments, FA(1) explained a rela-
tively large proportion of the variance, except for environment 
12F1Rb, where FA(1) explained only 23.93%, indicating the dif-
ference between this environment and the other environments; 
therefore 12F1Rb is the environment that caused most of the G×E.

Figure 1 shows that the durum wheats (DW, in red) generally 
had higher yields than the bread wheats (BW, in blue). In particu-
lar, line DW_C (in bold) is durum wheat Cirno, which had the 
highest yield across all six trials. The plots (farmers) were grouped 
according to their irrigation scheme. In the top right quadrant are 
four trials, mostly under full irrigation: farmer 1, full irrigation, 
second plot ‘b’ (12F1Fb); farmer 2, full irrigation (12F2F); and 
farmer 3, full irrigation (12F3F), generating a very compact and 
homogeneous cluster (small angles between their vectors), except 
for the trial of farmer 1, reduced irrigation and plot ‘a’ (12F1Ra). In 
the bottom right quadrant of the biplot, the grouping tendencies 
are not as clear as before; it contains both irrigation regimes: farmer 
1, reduced irrigation, second plot (12F1Rb), and farmer 1, full 
irrigation, first plot (12F1Fa). Environment 12F1Rb seems to be 
the one causing most of the G×E interaction, as already indicated 
by the low percentage of variance explained by FA(1) (Table 4) and 
the low correlation with the other environments (Table 3).

The Supplementary Material show the means of the wheat 
lines in each of the 6 environments for cropping season 2012–
2013, the FA(1) and FA(2) loadings for the wheat lines, and the 
phenotypic correlations between the loadings of the wheat lines 
and the grain yield of the lines for each environment and across 

Table 2. Combined analyses of variance across trials (farmers and irrigation regimes) in each cropping season, using a mixed model, show-
ing the genotype × environment (farmers’ plots) interaction. Contrasts from combined analyses of bread wheats (BW) versus durum 
wheats (DW). Num DF, numerator degrees of freedom; Den DF, denominator degrees of freedom; Pr > F = p-value.

Effect

Cropping season
2012–2013

Cropping season
2013–2014

Cropping season
2015–2016

Num DF Den DF Pr > F Num DF Den DF Pr > F Num DF Den DF Pr > F
Trial 5 12 0.0011 4 10 < 0.0001 5 12 < 0.0001
Genotype 32 384 < 0.0001 32 320 < 0.0001 22 282 < 0.0001
Trial×Genotype 160 384 0.0266 128 320 < 0.0001 110 282 < 0.0001
Contrast BW vs. DW: Combined analyses (cropping seasons) and for individual environments
Combined 1 384 < 0.0001 1 320 0.2880 1 282 0.0016
F1Fa† 1 64 < 0.0001 1 64 0.0012 1 47 0.0067
F1Fb 1 64 < 0.0001 1 64 0.8029 1 47 < 0.0001
F1Ra 1 64 0.0001 1 64 0.2723 1 47 0.0195
F1Rb 1 64 0.0223 1 64 < 0.0001 1 47 0.0001
F2F 1 64 < 0.0001 1 64 < 0.0001 1 47 0.2446
F3F (F4F)‡ 1 64 < 0.0001 — — — 1 47 0.1870
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, reduced irrigation; b, second plot (b). 
‡ F3F (F4F): farmer 3, full irrigation in cropping seasons 2012–2013 and 2013–2014, and farmer 4, full irrigation in cropping season 2015–2016.

Table 3. Genetic correlations among the trials in each cropping season.
Cropping season 2012–2013 Cropping season 2013–2014 Cropping season 2015–2016

12F1Fa†12F1Fb 12F2F 12F3F 12F1Ra 13F1Fa‡ 13F1Fb 13F2F 13F1Ra 15F1Fa 15F1Fb 15F2F 15F4F 15F1Ra
12F1Fb 0.887 13F1Fb 0.485 15F1Fb –0.003
12F2F 0.892 1.000 13F2F –0.551 0.223 15F2F 0.251 0.635
12F3F 0.724 0.772 0.773 13F1Ra 1.000 0.481 –0.557 15F4F 0.198 0.740 0.982
12F1Ra 0.916 0.990 0.991 0.771 13F1Rb 0.775 0.652 –0.034 0.771 15F1Ra 0.342 0.283 0.891 0.790
12F1Rb 0.708 0.303 0.313 0.315 0.378 15F1Rb –0.032 0.886 0.657 0.786 0.243
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, reduced irrigation; b, second plot (b). 
‡ F3F (F4F): farmer 3, full irrigation in cropping seasons 2012–2013 and 2013–2014, and farmer 4, full irrigation in cropping season 2015–2016.
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environments. Except for environment 12F1Rb (r = 0.588), all 
the other environments had a correlation higher than 0.8 with 
the loadings of FA(1). The most productive line across all the 
environments was durum wheat Cirno (DW_C).

Results of Cropping Season 2013–2014

In the analysis of variance for the 2013–2014 cropping season, 
the G×E was highly significant (p < 0.0001), indicating the differ-
ential response of bread and durum wheats across the five environ-
ments. The grain yield was similar for both groups, as indicated by 
the nonsignificant contrast in the combined analyses (p = 0.2880). 
Similarly, in the individual contrasts there were two environments 
that were also nonsignificant: farmer 1 full irrigation regime in ‘b’ 
plot (F1Fb, p = 0.8029) and farmer 1 reduced irrigation regime ‘b’ 
plot (F1Ra, p = 0.2723), whereas in the plots of farmer 1 full irriga-
tion ‘a’ plot (F1Fa), and of farmer 1 under reduced irrigation regime 
in ‘a’ and ‘b’ plots (F1Rb), the contrast was highly significant (p = 
0.0012, p < 0.0001 and p < 0.0001, respectively) (Table 2).

The genetic correlations between the environments in cropping 
season 2013–2014 were intermediate to high for most pairs of 
environments, except environment 13F2F, which had a negative 
correlation with environments 13F1Fa (–0.551), 13F1Ra (–0.557), 
and 13F1Rb (–0.034) (Table 3). In the FA(2) model, the two 
factors explained, on average across all environments, 62.38% 
and 25.66% of the variance for FA(1) and FA(2), respectively, and 
together explained 88.04% of total G×E variability (Table 5). 
This value was similar to that obtained for the environments in 
the 2012–2013 cropping season, except that now the first factor 
has less associated variability and the second factor has higher 
associated variability, which can be interpreted as lower stability 
for both genotypes and environments. Factor analytic component 
FA(1) explained a sizeable proportion of G×E variance, except for 

environment 13F2F (11.57%; Table 5), which is the one causing 
most of the G×E interaction. The reduced irrigation environment 
13F1Ra had the highest production (7.614 ton ha–1).

The biplot (Fig. 2) shows that DW_C was consistently the 
genotype with the highest yield across all trials [greatest value 
in FA(1), and a very low value in FA(2)]. However, in general, 
the durum (DW, in red) and bread wheats (BW, in blue) were 
not as clearly differentiated as they were in the 2012–2013 crop-
ping season, which was reflected in the significance of contrasts 
(Table 2). The environments were grouped based more on plot 
similarities than on the irrigation scheme; the top right quadrant 
shows the plot owned by farmer 1 in the ‘b’plot for both irriga-
tion regimes (13F1Fb and 13F1Rb), while the bottom right 
quadrant contains the plot owned by farmer 1 in the ‘a’ plot, 
once again for both irrigation schemes (13F1Fa and 13F1Ra). 
Finally, the plot owned by farmer 2 under full irrigation (13F2F) 
is isolated from the others in the upper left quadrant.

The biplot in Fig. 2 shows environment 13F2F as being in the 
opposite direction of the rest of the environments, indicating 
its negative correlation with the other environments (Table 3) 
and that it is the environment where FA(1) explained less of the 
G×E interaction and thus the one causing the COI (Table 5).

The Supplementary Material show the means of the wheat 
lines in each of the five environments for cropping season 2013–
2014, and the phenotypic correlation between the loadings of 
the wheat lines and the grain yield of the lines in each environ-
ment and across environments. Except for environment 13F2F 
(r = –0.54), all the other environments had a mean correlation 
higher than 0.6 with the loadings of FA(1). Durum wheat line 
DW_C had the highest mean yield across all the environments.

Results of Cropping Season 2015–2016

In the on-farm trials during the 2015–2016 cropping season, 
only 12 durum wheat genotypes and 12 bread wheat genotypes 

Table 4. The BLUPs, environment loadings and percent of vari-
ance explained by each factor (FA1 and FA2) in each environment 
for cropping season 2012–2013.

Environment BLUP
Loading % Variance explained

FA(1) FA(2) FA(1) FA(2)
12F1Fa† 8.602 0.681 –0.193 92.57 7.43
12F1Fb 8.205 0.559 0.115 95.91 4.09
12F2F‡ 8.881 0.890 0.174 96.34 3.66
12F3F 8.351 0.566 0.053 59.75 0.52
12F1Ra 7.177 0.594 0.072 97.30 1.44
12F1Rb 8.856 0.300 –0.535 23.93 76.07

– – – Avg % 77.63 15.53
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, 
reduced irrigation; b, second plot (b). 
‡ F3F (F2F): farmer 3 (2), full irrigation in cropping seasons 2012–2013.

Fig. 1. Biplot [FA(1) vs. FA(2)] of on-farm trials in cropping season 
2012–2013, for durum wheats (in red) and bread wheats (in blue), 
using a mixed model with factor analytic covariance structure. 
DW_C = durum wheat Cirno.

Table 5. The BLUPs, environment loadings and percent of vari-
ance explained by each factor (FA1 and FA2) in each environment 
for cropping season 2013–2014.

Site BLUP
Loading % Variance explained

FA(1) FA(2) FA(1) FA(2)
13F1Fa† 6.714 0.292 –0.070 94.50 5.50
13F1Fb 6.685 0.457 0.343 37.14 20.94
13F2F‡ 5.727 –0.249 0.687 11.57 88.43
13F1Ra 7.614 0.764 –0.190 94.16 5.84
13F1Rb 7.066 0.750 0.240 74.55 7.61

– – – Avg % 62.38 25.66
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, 
reduced irrigation; b, second plot (b). 
‡ F2F: farmer 2, full irrigation in cropping seasons 2013–2014.
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were tested. In the combined analysis of variance (Table 2), the 
genotype × environment interaction was highly significant (p < 
0.0001), indicating variability in the performance of both durum 
and bread wheats across the six environments included in this 
cropping season. In the combined analysis, the contrast was highly 
significant, as was the case in the four individual trials of farmer 1 
with both full and reduced irrigation schemes (plots F1Fa, F1Fb, 
F1Ra, and F1Rb), whereas in the plots of farmers 2 and 4 with full 
irrigation (plots F2F and F4F), it was not significant (Table 2).

The genetic correlations among environments (Table 3) show 
a varying set of correlation values. Environment 15F1Fa had zero 
correlation with environments 15F1Fb (–0.003) and 15F1Rb 
(–0.032), whereas for this cropping season, environment 15F2F 
had a high genetic correlation with 15F4F (0.982) and 15F1Ra 
(0.891). In agreement with the genetic correlation, the variance 
percentage explained by the FA(1) component of environment 
15F1Fa was only 1.38% of total G×E variance, indicating the 
complex interaction caused by environment 15F1Fa (Table 6). 
For the FA(2) model, the two factors explained, on average across 
all environments, 61.54% and 20.48% of the total variance for 
FA(1) and FA(2), respectively, and together they explained, on 
average, 82.02% of total G×E variability. The full irrigated envi-
ronment had the highest grain yield production (8.002 ton ha–1).

Once again, the reference genotype DW_C had the highest 
yield and stability across trials; likewise, in the durum wheats 
(DW, in red) in general, 7 of 11 lines showed higher yields than 
the bread wheats (BW, in blue). Figure 3 shows that environ-
ments were more likely grouped by the similarities in the plots 
than by the irrigation scheme. In the bottom right quadrant 
are the plots owned by farmer 1 in the first plot under both 
irrigation schemes (15F1Fa and 15F1Ra). The plots owned by 
farmer 2 and farmer 4 under full irrigation (15F2F and 15F4F) 
formed another very compact group because the angle between 
their vectors is practically zero, yet the yield in the plot owned 

by farmer 2 was higher. Finally, in the top right quadrant are 
the plots “b” of farmer 1 under both irrigation schemes (15F1Fb 
and 15F1Rb) with similar yield (Fig. 3).

The mean of the wheat lines in each of the six environments 
in cropping season 2015–2016 and the phenotypic correlation 
between the loadings of the wheat lines and the grain yield of the 
lines in each environment and across environments are shown 
in the Supplementary Material. Except for environment 15F1Fa 
(r = 0.167), all the other environments had a correlation higher 
than 0.7 with the loadings of FA(1). As in previous cropping 
seasons, durum wheat line DW_C had the highest mean yield 
across all the environments included in this cropping season.

Results of the Combined Analysis across 
environments in the Different Cropping Seasons

Table 7 shows the genetic correlations for all 17 environments 
across the three cropping seasons. Almost all the correlations 
among environments were positive, except for 13F2F, 15F1Fa, and 
15F1Ra, the same as in the individual analyses for the 2013–2014 
and 2015–2016 cropping seasons, which were the only ones 

Fig. 2. Biplot [FA(1) vs. FA(2)] of on-farm trials in cropping season 
2013–2014 for durum wheats (in red) and bread wheats (in blue) 
using a mixed model with a factor analytic covariance structure. 
DW_C = durum wheat Cirno.

Fig. 3. Biplot [FA(1) vs. FA(2)] of on-farm trials in cropping season 
2015–2016 for durum (in red) and bread wheats (in blue) using 
a mixed model with a factor analytic covariance structure. 
DW_C = durum wheat Cirno.

Table 6. The BLUPs, environment loadings and percent of vari-
ance explained by each factor (FA1 and FA2) in each environment 
for cropping season 2015–2016.

Environment BLUP
Loadings % Variance explained

FA(1) FA(2) FA(1) FA(2)
15F1Fa† 5.955 0.108 –0.315 1.38 11.75
15F1Fb 8.002 0.881 0.311 70.26 8.77
15F2F‡ 6.553 0.862 –0.401 82.19 17.81
15F4F 6.654 0.292 –0.074 93.98 6.02
15F1Ra 6.396 0.340 –0.435 37.93 62.07
15F1Rb 8.908 0.786 0.350 83.50 16.50

– – – Avg % 61.54 20.48
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, 
reduced irrigation; b, second plot (b). 
‡ F2F (F4F): farmer 2 (4), full irrigation in cropping seasons 2015–2016.



Agronomy Journa l  •  Volume 111, Issue 1 •  2019 9

oriented to the left in the biplot. Results in Table 8 indicate that 
across years, FA(1) explained a lower percentage of variance of the 
total G×E variance for environments 13F2F, 15F1Fa, and 15F1Ra 
(41.08%, 0.66%, and 0.31%, respectively). Also, environments 
13F1Fb and 12F1Rb explained a lower percentage of the total G×E 
variance than other environments (20.84% and 37.27%, respec-
tively). These environments are the ones that caused the complexity 
of the G×E when combining all the environments across years.

When fitting the FA(2) model, the two factor components 
explained, on average across all environments, 55.33% and 
26.02% of G×E variability for FA(1) and FA(2), respectively, and 
on average 81.35% of total G×E variability (Table 8). The most 
productive environments are in cropping season 2012–2013, with 
fully irrigated environment 12F2F being the highest one (8.877 
ton ha–1). The biplot in Fig. 4 shows that, similar to the individual 
analysis biplots for each cropping season, the durum wheats (in 
red) had higher yields than the bread wheats (in cyan), while the 
reference durum wheat line DW_C (in bold) had the highest 
yield and was relatively stable across cropping seasons. The biplot 
also shows that, in general, the trials belonging to the same crop-
ping season tended to be grouped together, particularly the trials 
from the 2012–2013 cropping season (in green), and were differ-
entiated from the trials of the other cropping seasons. The above 
was probably due to the specific weather conditions in each crop-
ping season, since the farmers’ plots were mostly the same during 
the three cropping seasons. Clearly, the environments causing 
most of the G×E complexity (i.e., 15F1Ra, 15F1Fa, and 13F2F) 
appeared in the opposite direction of the other environments, 
indicating they are the ones causing G×E complexity.

The mean of the wheat lines in each of the 17 environments 
for combined cropping seasons 2012–2013, 2013–2014, 2015–
2016, and the phenotypic correlation between the loadings of 
the wheat lines and the grain yield of the lines in each environ-
ment and across environments are shown in the Supplementary 
Material. The correlations between the FA(1) loadings and 
the line mean yield for each environment and across environ-
ments were all higher than 0.5, except for environments 13F2F 
(–0.714), 15F1Fa (–0.154), and 15F1Ra (–0.09). Durum wheat 
line DW_C had the highest mean yield across all the environ-
ments included these three cropping seasons.

DISCUSSIOn
The complex G×E phenomenon present in the 3 yr of data 

analyzed in this study was dissected by means of the FA model. 
The variability due to G×E can be due to crossover interaction 
(COI) or to non-COI (change in scale or heterogeneity of vari-
ances within environments). The SREG and FA models can 
assess these two components of the total variability due to G×E. 
Note that the objective of this article was not to quantify the 
number of significant or no significant COI versus the number 
of non-COI in all possible 2 ×2 way tables of environments and 
lines as done it by Burgueño et al. (2008). The objective of this 
article was to use the linear mixed model together with FA vari-
ance–covariance structure for (i) studying G×E, (ii) for detecting 
key environments (productive agronomic treatments comprising 
combinations of farmers, irrigations levels and cropping seasons), 
and for (iii) identifying stable and highly productive bread and 
durum wheat lines that explain interactions in the first factor 
analytic components to infer the presence of COI and/or COI.

General Assessment of Crossover 
Interaction and non-Crossover Interaction 

Genotype × experiment Interaction

Crossa et al. (2002, 2004) proposed detecting COI and non-
COI interaction by fitting a SREG model with two components; 
they noted that the ideal lines from the SREG2 biplot should give 
a high estimate of the primary effects ( 1

ˆ
ia ), that is, high mean of 

the measured trait (e.g., grain yield) and near zero secondary effects 
( 2

ˆ
ia ). The ideal environment will have large 1

ˆ
jg  (discriminate 

lines) and small 2
ˆ

jg ; the authors pointed out that these properties 
will occur if 1

ˆ
ia  is highly correlated with the line mean of the trait 

being studied. These properties of the SREG biplot will occur if the 
primary effects of line ( 1

ˆ
ia ) are highly correlated with line means.

Crossa et al. (2002, 2004) also show that if all 1
ˆ

jg  scores have 
the same sign, then the first component of the SREG2 biplot 
represents the G×E variability due to non-COI, whereas the sec-
ond component indicates the G×E variability due to COI. Note 
that the first component (non-COI) indicates the proportionality 
of line response in environments, whereas the second compo-
nent (COI) quantifies the disproportionality of line response 
in environments. As pointed out by Burgueño et al. (2008), the 

Table 7. Genetic correlations among the trials’ combined analysis across all cropping seasons. 
12F1Fa 12F1Fb 12F2F 12F3F 12F1Ra 12F1Rb 13F1Fa 13F1Fb 13F2F 13F1Ra 13F1Rb 15F1Fa 15F1Fb 15F2F 15F4F 15F1Ra

12F1Fb† 0.861
12F2F 0.943 0.914
12F3F 0.763 0.716 0.757
12F1Ra 0.856 0.849 0.878 0.694
12F1Rb 0.593 0.361 0.466 0.398 0.405
13F1Fa‡ 1.000 0.863 0.944 0.764 0.858 0.591
13F1Fb 0.420 0.062 0.208 0.211 0.152 0.523 0.416
13F2F –0.679 –0.880 –0.826 –0.626 –0.786 –0.131 –0.682 0.261
13F1Ra 0.989 0.790 0.895 0.732 0.805 0.641 0.988 0.526 –0.561
13F1Rb 0.647 0.315 0.459 0.406 0.387 0.605 0.644 0.718 0.001 0.730
15F1Fa –0.094 –0.184 –0.154 –0.110 –0.152 0.038 –0.096 0.150 0.252 –0.055 0.092
15F1Fb 0.743 0.544 0.640 0.532 0.570 0.527 0.741 0.488 –0.330 0.770 0.623 –0.010
15F2F 0.449 0.055 0.215 0.222 0.155 0.570 0.445 0.801 0.300 0.568 0.785 0.168 0.529
15F4F 0.542 0.128 0.299 0.291 0.230 0.631 0.538 0.852 0.249 0.662 0.855 0.164 0.602 0.936
15F1Ra –0.106 –0.491 –0.351 –0.226 –0.368 0.304 –0.111 0.695 0.802 0.045 0.529 0.264 0.157 0.772 0.778
15F1Rb 0.973 0.745 0.860 0.709 0.769 0.662 0.972 0.579 –0.492 0.997 0.768 –0.033 0.777 0.626 0.721 0.126
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, reduced irrigation; b, second plot (b). 
‡ F3F (F4F): farmer 3, full irrigation in cropping seasons 2012–2013 and 2013–2014, and farmer 4, full irrigation in cropping season 2015–2016.
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matrices of loadings and scores from FA are rotated to obtain a 
principal component solution that produces biplots similar to 
those developed from SREG2. Under this rotation, the direction 
and projections of the vectors of FA(2) and SREG2 are the same; 
thus the properties of the first component of SREG2 that accounts 
for non-COI and the second component of SREG that explains 
COI variability also hold for FA(2). As already mentioned, SREG 
is related to FA (for the combined assessment of the main effect of 
lines + G×E), which represents the correlation among the environ-
ments based on their relationship to unobservable latent variables.

Assessing Crossover Interaction and 
non-Crossover Interaction for each 

Year and Combined Across Years

From a practical agricultural perspective, clustering environ-
ments with non-COI and identifying environments that are 
causing most of the G×E variability is important for selecting 
key environments and stable lines. In this study, there were 
negative or near zero correlations only between a few pairs of 
environments in cropping seasons 2013–2014 and 2015–2016, 
and a large number of negative and/or near zero correlations 
when combining all three cropping seasons. For cropping season 
2012–2013, all correlations are positive; however, environment 
12F1Rb had relatively low correlations with all the other envi-
ronments except 12F1Fa. For cropping season 2013–2014, envi-
ronment 13F2F had negative correlations with the rest of the 
environments except environment 13F1Fb. For cropping season 
2015–2016, environment 15F1Fa had zero (negative) correlation 
with 15F1Fb and 15F1Rb. Finally, the combined analysis across 
years indicated environments 15F1Fa, 15F1Ra, and 13F2F had 
negative correlations with most of the other environments.

In general, environments with negative or near zero correlations 
with other environments had the smallest loading values for FA(1) 
and the smallest total percentage of variance of G×E explained 

by FA(1). For cropping season 2012–2013, environment 12F1Rb 
had an FA(1) loading of 0.3 that explained only 23.93% of the 
total G×E; for cropping season 2013–2014, environment 13F2F 
had an FA(1) loading of –0.249 that explained only 11.57% of the 
total G×E. For cropping season 2015–2016, environments 15F1Fa 
and 15F1Ra had FA(1) loadings of 0.108 and 0.34, respectively, 
explaining 1.38% and 37.93% of the total G×E. Finally, for the 
combined analysis across years, environments 15F1Fa, 15F1Ra, 
and 13F2F had FA(1) values of –0.075, –0.029, and –0.339, 
respectively, with the FA(1) from those environments in cropping 
season 2015–2016 explaining only 0.31% and 0.66% of the total 
G×E.

Results show that for cropping seasons 2012–2013 and 2015–
2016, all 

1
ˆ

jg  are non-negative; thus SREG1 and FA(1) predict 
non-COI, whereas for cropping season 2013–2014, environment 
13F2F has a negative 

1
ˆ

jg  (–0.249). Therefore, COI is predicted by 
FA(1). Also, when combining all cropping seasons, environments 
13F2F, 15F1Fa, and 15F1Ra had negative

1
ˆ

jg  values and thus 
FA(1) predicts COI. Furthermore, environments with negative 

1
ˆ

jg  values and where the variance explained by FA(1) is small are 
the environments most distant from the rest of the environments 
in the corresponding biplots and therefore the ones causing most 
of the G×E interaction. On the other hand, environments where 
FA(1) explained a large proportion of total G×E are not causing a 
great deal of G×E variability. Furthermore, the phenotypic cor-
relation between line performance in environments and FA(1) 
loadings were high most of the time (see Supplementary Material), 
except for those environments causing COI. These results indicate 
that the properties of the SREG biplots, and thus the properties 
of the FA biplots, can be applied. For example, in cropping season 
2012–2013, the most stable and high yielding wheat line is DW_C 
and the ideal environment is 12F3F; in cropping seasons 2013–
2014 and 2015–2016, the most stable and high yielding line is 

Fig. 4. Biplot [FA(1) vs. FA(2)] of on-farm trials during the three 
cropping seasons: 2012–2013 (in green), 2013–2014 (in dark red), 
and 2015–2016 (in black), for durum wheats (in red) and bread 
wheats (in blue), using the linear mixed model with a factor 
analytic covariance structure. DW_C = durum wheat Cirno.

Table 8. The BLUPs, loadings and percent of variance explained 
by each factor (FA1 and FA2) in each environment for cropping 
seasons 2012–2013 2013–2014, and 2015–2016.

Environment BLUP
Loading % Variance explained

FA(1) FA(2) FA(1) FA(2)
12F1Fa† 8.573 0.845 0.043 99.75 0.25
12F1Fb 8.210 0.606 0.322 70.41 19.87
12F2F 8.877 0.994 0.321 86.36 9.02
12F3F 8.342 0.675 0.165 56.97 3.42
12F1Ra 7.178 0.637 0.244 70.76 10.35
12F1Rb 8.823 0.435 –0.241 37.27 11.46
13F1Fa‡ 6.707 0.234 0.013 99.69 0.31
13F1Fb 6.690 0.244 –0.386 20.84 52.03
13F2F 5.750 –0.339 –0.407 41.08 58.92
13F1Ra 7.598 0.580 –0.058 99.00 1.00
13F1Rb 7.063 0.437 –0.366 45.82 32.13
15F1Fa 5.948 –0.075 –0.241 0.66 6.76
15F1Fb 7.926 0.747 –0.197 56.78 3.96
15F2F 6.473 0.426 –0.696 24.03 64.03
15F4F 6.624 0.171 –0.238 34.11 65.89
15F1Ra 6.370 –0.029 –0.519 0.31 99.69
15F1Rb 8.825 0.786 –0.144 96.75 3.25

– – – Avg % 55.33 26.02
† F1Fa: F1, farmer 1; F, full irrigation; a, first plot. F1Rb: F1, farmer 1; R, 
reduced irrigation; b, second plot (b). 
‡ F2F (F3F, F4F): farmer 2 (3, 4), full irrigation in cropping seasons 
2012–2013, 2013–2014, 2015–2016.
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also DW_C. However, when combining all the cropping seasons, 
DW_C is not the most stable line, although it is still high yielding.

COnCLUSIOnS

Results of this study indicated differences between bread and 
durum wheat lines across all the environments (cropping seasons). 
For example, the durum wheats consistently showed higher yields 
than the bread wheats in both the individual analyses for each 
cropping season (year) and the combined analysis across all three 
cropping seasons. Also, the reference durum wheat, DW_C, 
always had the highest yield and was very stable both in the indi-
vidual cropping seasons and combined across cropping seasons.

The factor analytic covariance structure of order two (FA2) 
used in the linear mixed model offers a useful alternative for 
modeling interactions in multi-environment breeding trials 
with highly unbalanced data, to dissect and explain the complex 
interactions that are common in agronomy experiments. The 
FA for modeling the variance–covariance structure of a line plus 
the G×E detected in particular environments (farmer type) in 
each cropping season and across cropping seasons causes G×E 
of the COI type. For example, farmer 2 under full irrigation 
in 2013–2014 (13F2F) caused COI as well as farmer 1 under 
full and reduced irrigation in 2015–2016 (15F1Fa, 15F1Ra) in 
the combined analysis. Although environments 12F1Rb and 
15F1Fa did not cause COI in their respective years, they were 
the environments causing most of the non-COI G×E.

In summary, in this study we show that on-farm trials established 
for testing bread and durum wheat breeding lines prior to release 
provide valuable information for farmers, agronomists and breeders 
in terms of their performance in farmers’ fields. Appropriate statis-
tical models dissect G×E in a way that helps research identify the 
most unstable environments causing most of the interaction. Linear 
mixed models that use FA variance–covariance provide a valuable 
tool for dissecting COI and non-COI G×E.
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