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Genomic selection holds the potential to serve as a strategic tool to enhance the
genetic gain of complex traits in Miscanthus breeding programs. The develop-
ment of improved cultivars requires their assessment for various traits across
diverse environments to ensure suitable overall performance. Hence, the multi-
trait multi-environment (MTME) genomic prediction (GP) models offer an oppor-
tunity to improve selection accuracy. This study aims to evaluate the potential of
five GP models: (1) three MTME models including genotype-by-trait-by-environ-
ment interaction (GXEXT) and (2) two single-trait multi-environment (STME)
models (with and without GXE interaction). A Miscanthus sacchariflorus popula-
tion comprising 336 genotypes evaluated in three environments and scored for
four traits (biomass yield YDY, total culm number TCM, average internode length
AIL, and culm node number CNN) was analyzed. The predictive ability of the
models was evaluated considering three cross-validation schemes resembling
realistic scenarios (CV1: predicting new genotypes, CVP: predicting missing traits
in a given environment, and CV2: predicting partially observed genotypes). On
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average, in all cross-validation schemes compared to the STME the predictive
ability of the MTME models was 10% to 70% higher for TCM and AlL. On the other
hand, for YDY and CNN, both STME models performed similarly or slightly better
(between 5 to 64%) than the MTME models in most environments. While the
MTME models were not successful for all traits when compared to their STME
counterparts, MTME models improved the prediction of the performance of
genotypes that were untested across environments or lacked trait information in
a specific environment. Overall, our study suggests that MTME GP models can be
implemented in Miscanthus breeding programs to improve the predictive ability
of the complex traits, shorten breeding cycles, and accelerate selec-

tion decisions.

KEYWORDS

genomic prediction (GP), genotype-by-environment interaction, miscanthus
sacchariflorus (MSA), multi-trait multi-environment prediction, single trait multi-
environment prediction

1 Introduction

Plant biomass presents a significant source for domestic supply
chains of sustainable bioenergy production (Saha et al., 2013). Plant
species utilized for bioenergy applications have the potential to
accumulate higher biomass with low inputs, thereby improving soil
health and water quality (Clifton-Brown et al., 2008; Sacks et al.,
2013). Miscanthus, a C4 perennial grass species, is a promising
candidate for bioenergy production due to its high biomass yield
with minimal inputs (Clifton-Brown et al., 2008; Clark et al., 2019).
Miscanthus biomass can be used for paper production, direct
combustion for heat and electricity generation, lignocellulosic
ethanol production, animal bedding, and livestock feed (Clifton-
Brown et al., 2001; Clifton-Brown and Lewandowski, 2002; Burner
et al,, 2017).

Currently, the commercial production of Miscanthus is limited
to a sterile triploid clone, Miscanthus xgiganteus (M.xg), which is a
cross between Miscanthus sacchariflorus (MSA) and Miscanthus
sinensis (MSI) (Hodkinson and Renvoize, 2001). The development
of new Miscanthus varieties that are regionally adapted as well
having greater yield potential would greatly expand the economi-
cally viable growing region (Clifton-Brown and Lewandowski, 2000;
Dong et al.,, 2019). The parental species of M. xg, both MSA and
MSI pose vast genetic resources to improve the production of more
M. xg varieties (Sacks et al., 2013). Therefore, exploring Miscanthus
parental genotypes that are widely adapted to diverse environments
will aid in breeding for improved M. xg crosses.

Exploring the broader adaptation of Miscanthus genotypes
requires their evaluation in multiple environments where they are
assessed under diverse environmental conditions. This is important,
especially for complex traits like biomass yield, where genotype-by-
environment interaction (GXE) causes challenges by changing the
ranking patterns of genotypes across different environments
(Jarquin et al.,, 2021). Furthermore, breeders in the traditional
Miscanthus breeding program require up to three years to collect
trustable phenotyping data (Lewandowski et al., 2016). Considering
the utmost goal of the breeding program to improve genetic gain,
delayed phenotyping, and the extended evaluation period in MET's
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can hinder early decision-making to release the most promis-
ing genotypes.

Genomic selection (GS) offers an alternative approach to
utilizing whole-genome marker information to select superior
genotypes at the early stage of the breeding program, thereby
increasing genetic gain per unit of time (Meuwissen et al., 2001).
It allows breeders to make faster decisions regarding selection
without waiting for the phenotypic information of the individuals
(Eggen, 2012). Briefly, GS initially requires two types of datasets:
training (TRN) set and testing (TST) set, where the TRN set
contains both phenotypic and genotypic data, and the TST set
contains only the genotypic data (Isidro et al., 2015). Before
implementing GS in real-life applications, it is necessary to evaluate
the suitability of the data at hand by simulating prediction scenarios
mimicking these realistic prediction problems of interest to breeders
through different cross-validations (Haile et al., 2021).

These simulation studies require splitting the already observed
data into TRN and TST sets under different cross-validation
schemes, then calibrating the models using the TRN set and
evaluating their predictive ability (PA) in the TST set (Cheng
et al,, 2021; McGaugh et al,, 2021). Such that GS can predict the
performance of the genotypes that were never observed in the given
fields. Eventually, the results of the GP model are used to calculate
the genomic estimated breeding values (GEBVs) of the lines based
on their marker information (Hayes et al., 2009). Therefore,
genotypes can be selected earlier in the breeding program, speeding
the breeding cycle and saving the cost of evaluating them in fields
(Krishnappa et al., 2021).

Dealing with multi-environment data, the efficiency of GP
models is evaluated based on the trial basis PA by measuring the
correlation between the predicted and the observed values within
the same environment. In recent years, GP models such as the
genomic best linear unbiased prediction (GBLUP), a convenient
reparameterization of the penalized ridge-regression best linear
unbiased prediction (rr-BLUP), have been considered as the gold
standard approach (VanRaden, 2008; VanRaden et al., 2009;
Endelman, 2011). In addition, GS have been implemented using
the Bayesian paradigm, allowing different prior distributions for the
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marker effects and using Markov-Chain Monte Carlo (MCMC) for
estimating the parameters (Wang et al., 2018).

While GBLUP/rrBLUP account for a common variance for all
markers, under Bayesian approach, different variances can be
modelled (Meuwissen et al., 2001; de los Campos et al., 2013).
Moreover, GP models have been expanded to include GxE inter-
action to better identify high-performing genotypes across different
environments. The STME models can integrate environment
covariates (ECs) into the model to capture the interaction between
these and genomic markers (Jarquin et al, 2014). Additionally,
Lopez-Cruz et al. (2015) proposed a multi-environment GP model
that accounts for GXE interaction by considering all the different
contrasts between genomic markers and environments. While GS
has been successfully implemented in different breeding programs
using the above-mentioned GP models, these are limited to pre-
dicting only one trait at a time.

Alternatively, multi-trait GP models leveraging the genetic
correlation between pairs of traits for improved PA have shown
to outperform uni-trait GP models (Jia and Jannink, 2012) in some
specific situations. While single-trait models analyze each trait
separately, multi-trait GP models use shared genetic signals across
traits. This approach provides advantages for traits with low
heritability (Gill et al., 2021). Additionally, when breeders choose
to focus on a single trait, they can also incorporate other secondary
traits into the models to improve the overall PA for the primary
traits (Velazco et al., 2019). Several studies have implemented GP-
based multi-trait approach for breeding crops such as wheat,
sorghum, soybean (Schulthess et al., 2018; Fernandes et al., 2018;
Velazco et al., 2019; Persa et al., 2020).

Moreover, Osterman et al. (2024) found that the multi-trait
model achieved better PA than single-trait models in red clover,
particularly when the genetic correlation between traits was 0.5 or
higher. As mentioned, increasing PA holds the potential to accel-
erate genetic gain for the superior genotypes hence the evaluation of
the multi-trait GP models is of interest. Considering multi-trait GP
models for single environment prediction requires observation of at
least one of the traits for a genotype to produce significant
improvements in PA (Persa et al., 2020).

In recent years, multi-trait models have been extended to the
multi-trait multi-environment model (MTME) that allows breeders
to capture trait correlations as well as GXE interaction (Montesinos-
Lopez et al.,, 2019a). The MTME approach can improve the PA of
the GP models in different breeding programs (Gill et al., 2021). It is
also advantageous for traits that are hard to observe in one
environment, while correlated traits in other environments provide
additional details. Recently, Montesinos-Lopez et al. (2019b) pro-
posed a Bayesian MTME (BMTME) model that accounts for the
estimation of variance-covariance structure among genotypes,
traits, and environments. This approach can predict multiple
traits tested in different environments. Ibba et al. (2020) performed
a simulated study using the BMTME model that outperformed
single-trait models. Similarly, Guo et al. (2020) found an improve-
ment in PA utilizing BMTME models over single trait models for
agronomic traits in wheat.

The BMTME approaches implemented to fit the traditional
multi-trait multi-environment model organize the phenotypic data
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into a matrix format where rows represent the genotypes and the
columns the traits in particular environments, creating a two-
dimensional matrix as an input while fitting the model. This
format does not allow model fitting for specific situations when
fewer or null combinations of genotypes across traits and environ-
ments are observed impeding the computation of covariance
structures. For example, those cases where new genotypes are
being predicted in unobserved environments (CV00).

In this study, all the observations across genotypes, traits, and
environments are organized into a single vector. The entries of the
rows correspond to a genotype in trait and environment combina-
tions. The phenotypic data is organized into a single vector as
opposed to the traditional MTME approach, where data for
multiple traits is typically arranged into separate columns, while
the genotypes are in the rows to create a matrix arrangement. While
the implemented strategy contrasts with the conventional MTME
approach, it allows leveraging information from related traits
through variance-covariance structure derived from the incidence
matrices. This approach enables the flexible integration of incom-
plete data, allowing for the inclusion of genotypes that lack
information for certain traits across environments. Also, this can
be particularly useful in GS when phenotypic information for the
genotypes in a new environment is unavailable.

Although different GS approaches have been implemented in
Miscanthus breeding programs to predict the performance of
complex traits (Clark et al., 2019; Olatoye et al., 2019, Olatoye
et al.,, 2020), no previous studies have focused on the use of GP-
based MTME models for improved PA. Miscanthus is usually
measured for biomass yield and several yield component traits
(Clark et al., 2014, Clark et al., 2019). Applying the MTME
approach in the Miscanthus breeding program for utilizing infor-
mation across traits and environments could enhance the PA of
complex traits. In this study, using both STME and MTME GP
models we focused on predicting the performance of the genotypes
in three situations: 1) predicting untested genotypes that are never
observed for any trait across multiple environments 2) predicting
genotypes for missing traits at a given environment and 3) predict-
ing partially observed genotypes for at least one trait in some
environments. The aims of the study were to I) implement both
STME and MTME GP models using 336 M. sacchariflorus geno-
types tested in three environments and scored for four traits, and 2)
contrast the performance between the MTME and STME models
for predicting complex traits across multiple traits and environ-
ments in a Miscanthus population.

2 Materials and methods
2.1 Phenotypic data

The data set used in this study was obtained from Njuguna et al.
(2023) where initially the phenotypic and genomic data were
analyzed for 590 MSA genotypes that originated from East Asia.
Briefly, ramets of genotypes were planted using rhizomes at
different locations. The trials were conducted in four environments
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[Sapporo, Japan by Hokkaido University (SP); Chuncheon, South
Korea by Kangwon National University (CH) and Zhuji, China by
Zhejiang University (ZJU)] during 2015, having between one to
four replicates in each location in a randomized complete block
(RCB) experimental design. One and four replicates were consid-
ered at each location depending on the space’s availability at each
site. At CH and ZJU only one replicate was considered while four
were stablished at SP and Ul In addition, single plant plots were
established with estimated plot areas (m?) as follows: 1.44 (SP), 0.64
(CH), and 2.89 (ZJU). The phenotypic data was collected in 2016
(year 2) and 2017 (year 3) for above-ground dry biomass and 15
yield component traits.

Best linear unbiased estimates (BLUEs) for each genotype-trait-
location combination across years were provided. These BLUEs
were used as an input for the analysis in this study. To achieve a
complete dataset with no missing entries for any genotype, trait or
environment, data was restricted to 336 genotypes at SP, CH and
ZJU. The four traits under analysis were dry biomass (YDY), culm
node number (CNN), total culms (TCM), and average internode
length (AIL). Thus, for the analysis, a total of 336 x 3 = 1,008
phenotypes per trait were used in this study.

2.2 Genotypic data

The population was genotyped using restriction site-associated
DNA sequencing (RAD-seq). The details of the library preparation
are discussed by Clark et al. (2014). Briefly, the libraries were
sequenced with Illumina HiSeq 2500 and 4000. The TASSEL-GBS
pipeline was used for read alignment and SNP calling using the MSI
reference genome (Bradbury et al, 2007; Mitros et al,, 2020).
Initially, the SNP dataset was filtered to include only SNPs with a
minimum call rate of 70% and a minor allele frequency (MAF) of at
least 0.05, resulting in a total of 268,109 SNPs. Subsequent filtering
removed SNPs with more than 50% missing. After applying this
quality control, a total of 136,814 SNPs remained for analysis.

2.3 Genomic prediction models

In this study, the performance of two single-trait multi-envi-
ronment (STME) and three multi-trait multi-environment
(MTME) GP models were evaluated for predicting four traits in
three locations. The models were compared based on the prediction
accuracies (PA) and mean square error (MSE) in different cross-
validation scenarios. The details regarding the models and cross-
validations are provided below:

2.3.1 STME GP models with and without
interaction

2.3.1.1 M1: E+L+G

Under the STME framework, the baseline model (M1) incor-
porates the main effects of the line (L), environment (E), and
genomic factor (G). Here, G contains the information of the
genomic markers in a form of a covariance structure. The main
effects follow an independent and identical normal distribution.
This base model can leverage information from shared genetic
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relationships learned from the training datasets to predict untested
genotypes in the testing set. However, since the genotype-by-
environment interaction (GEI) term is not included, it cannot
predict changes in the rank of performance of genotypes
across environments.

Consider that for a given trait y (y = 1,2, ..., 1), yjj represents the
adjusted phenotypic observation of the i (i = 1,2, ..., 1) genotype in
the j’h (G = 1,2,...,]) environment and it is described as the sum of
the common mean (1, the random effect of the j‘h environment (Ej), the
random effect of the i genotype (L;) as well as its corresponding
random genomic effect based on marker SNPs (g;), plus a random
error term (g;) accounting for the non-explained variability. Here, g; is
the linear combination between p markers (X;,,) and their correspond-
ing marker effects (b,,) {m = 1,2,...,p} such that g; = Efnle,-mbm,
where b,, ~ N(0, o7) with of representing the respective variance
component. Here, all the genomic information is compiled into a single
vector g = {g;} and by properties of the multivariate normal distribu-
tion g ~ N(0, GO'gz), where G = XTX, is the genomic relationship
(VanRaden, 2008) whose entries describe similarities between pairs
of individuals, X is the standardized (by columns) matrix that of
marker SNPs, and O'gZ =p x of is the corresponding covari-
ance component.

In addition, the model, the random terms Ej, L;, and &; are
assumed to be independent and identically distributed following
normal distributions with mean 0 and a common variance for each
component. Therefore, the model can be written as follows.

Vi=MH+E+Li+g+¢&

where,
E 07 [Log O 0 0
L N 0 o I,0} 0 0
~ > )
g 0 0 0 Z,GZ,0; 0
£ 0 0 0 0 I,0;

Here Zg, and Z, are the design matrices connecting observa-
tions with environments and lines, and I is the identity matrix of
corresponding order as its subindex, 67, 67, and o7 are the variance
components associated with environments, genotypes, and the
error term, respectively. This model enables the sharing of infor-
mation between observed and unobserved individuals through the
genomic relationship matrix G which helps to predict the perfor-
mance of new genotypes.

2.3.1.2 M2: E+L+G+(GXE)

M2 extends the base model M1 by adding the interaction term
G xE. This model enables different rankings of the genotypes across
environments. Here the random effect term gE;; is added, referring
to the interaction between the i genotype and the j" environment.
Here, all the interaction effects are compiled into a single vector
such that gE = {gE;} ~ N(0, Z,GZ, ° ZyZ;;0,;) where oy is the

«o»

respective variance component, and “”” is the Hadamard product
expressing the cell-by-cell multiplication of two matrices with the
same dimensions (Jarquin et al., 2014). Thus, the model can be

written as follows.
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Yi=MH+E+Li+g+gE;+ &
where,
0 Liog 0 0 0 0
0 0 I,c} 0 0 0
g |~N| |o], ] 0 0 Go 0 0
gE 0 0 0 0 ZZ;°ZGZok 0
€ 0 0 0 o0 0 I,,,07

2.3.2 MTME GP models with and without
interaction

2.3.2.1 M3: E+T+(GXEXT)

M3 contains the main effects of the environment (E), trait (T),
and the complex three-way interaction between marker (G), trait
(T), and environment (E). In the MTME models, traits can be
correlated with each other, and it can result from both genetic and
environmental factors. The GXEXT interaction can simulate trait-
specific environmental influences. Here, the G is constructed the
same way as described for the other models. However, this model
does not explicitly account for the main effect of the markers. Here,
the marker effect is only considered through its interaction with the
environment and trait. The limitation of this model is that when
selecting individuals, it is challenging to determine how much
variance is attributed to genetic factors, and therefore, the genetic
variance remains confounded with the environmental variance and
trait variance.

Consider that y is a vector with a length of nxJxt (n=number of
genotypes, J=number of environments, t=number of traits). That is
for 336 genotypes across three environments and four traits, y
vector contains a total observation of 4,032 (336x3x4). Hence, Vijy
presents the phenotypic observation of the i (i=1,2,...,L) geno-
type in the j’h (j=1,2,...,]) environment for the " (y=1,2,...,1)
trait. It can be explained as the sum of the common mean g, the
random effect of the jth environment (E;), the random effect of the
¥ trait (T,), random interaction term among the genetic effect of
the i genotype (g;), the j* environment and the y™ trait, plus a
random error term (8,7},). Like EJ-, g, and & in the previous models,
T, is assumed to be independent and identically distributed. Briefly,
in this model, T, presents a random vector of trait-specific effects
across three environments. Unlike an unstructured variance-co-
variance matrix for the traits (usually used for the multi-trait
models), we assume a homogeneous diagonal variance structure
for each trait. Hence, each trait shares the common variance
component likewise in Ej, g;, and &;,.

Here, stacking the three way interaction effects into a single vector
results in gET = {gET;, } ~N(0, (Z,GZy) ° (ZpZy) °(Z1 Z7) Oger)
where O-;ET is the associated variance component. The explanation
regarding the construction of G is described under model M1. Thus,
the model can be written as follows.

Yiy =M +E+Ty,+gETy, + ¢

ij ijy
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where,

E 0] [Lioz © 0 0
T N 0 0 I,o} 0 0
gET 0 0 0 (2,GZ)°(ZpZy)°(Z1Z1)Okr O
3 0 0 0 0 )

Here, Z7 is the incidence matrix connecting observations with traits.
All the other design matrices and error terms have been described before.

2.3.2.2 M4: E+T+G+(GXEXT)

M4 is an extension of M3 with the addition of the main effect of G.
By modelling G separately as a main effect, the model can obtain variance
components due to genetic effects separately from the interaction. This
model allows a better partition of the explained variance due to genetic
differences only. The extension of model M3 is conducted with the
inclusion of the genetic effect of the genotypes (g;), where g~N(0, Go;)
with O'g2 being the associated genetic variance. The construction of G is
described under model M1 and the rest of the terms are the same as in
model M3. Thus, the model can be written as follows.

Yiy = U+ Ej+ Ty + g +gET, + &
where,
E 0 I} 0 0 0 0
T 0 0 Lo} 0 0 0
¢ | ~nN R 0 0 Z,6Z,c! 0 0
gET 0 0 0 0 (2,GZy)°(ZpZy)* (ZyZ)Ohr O
€ 0 (U 0 0 )

All the design matrices (Zg, Zy and Z,) are consistent with
those described in earlier models.

2.3.2.3 M5: E+T+G+(EXT)+(GXE)+(GXT)+(GXEXT)

This is the most elaborate model that accounts for all the
interactions between environments and traits (ExT), genomic
marker and environment (GxE), genomic marker and trait (GxT)
and the three-way interactions among genomic marker, environ-
ment, and traits (GXExT) as well including all the main effects from
model M4 (E, T, and G). Each of the main effects has been described
previously under different models. The interaction terms have been
constructed by multiplying the variance-covariance structures of
the corresponding main effects using the Hadamard product.

The inclusion of environment trait interaction (ExT) captures
how trait performance varies across environments, (GXE) interac-
tion accounts for the specific effect of genotypes in different
environments, as earlier explained while (GxT) captures the genetic
factor that affects multiple traits differently. Combining the previous
results, the model can be written as follows.

Yiiy = U+ Ej+ T, +g +ET; + gE; + gTy, + gET};, + €
where,

(Z:Z5)°(Z: 27

1
cscso
ceocos

(2,62,)°(Z:Z) 5

coocoooo

(2,62)°2:2Z;)0r
0

Sssssss
ccoconccs
ccogocos

cocoeo g

(2,6Z})°(ZeZ5)°(Z1Z7)0er
0 Tnpaei
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All the design matrices (Zg, Zy and Z,) are as previously
described. The symbol 62 denotes the associated variance compo-
nents for each term. In this model, the inclusion of new interaction
terms ExT and GxT influences the models to identify traits that are
not sensitive to environmental changes and to select certain

genotypes that are better suited for specific traits respectively.
2.4 Cross-validations

The PA of both the STME and MTME models was evaluated
using three cross-validation strategies, CV1, CVP, and CV2. These
cross-validations mimic scenarios encountered in plant breeding.
For all schemes, the dataset was divided in five folds so that
prediction models were then trained using 80% of the data, leaving
20% of the data as a validation set to assess the performance of
the models.

In CV1 the target is to predict the performance of the untested
lines for all traits across all environments (Figure 1). To obtain a
CV1 scheme, genotypes (not phenotypes) are randomly assigned to
different folds. In this scheme, extra care was taken to allow the
genotypes across all traits and environments to be assigned to the
same fold. Therefore, when four folds (80% of the observations)
were used to train the models, no information regarding the
phenotypic data for any of the traits of the genotypes was available
in the training set. The process of splitting data into training and
test sets was repeated 10 times. CV1 poses major challenges for
prediction as the training set lacks phenotypic information for any
trait of the corresponding genotypes in the testing sets.

CVP attempts to predict the performance of genotypes having
across traits missing information for a given environment (Figure 2)
when the information about these traits are available in other
environments. For this, all traits from the same genotype in a
specific environment were assigned to the same fold. For example,
some genotypes for YDY, TCM, AIL, and CNN traits were assigned
to fold 1 for the “CH” environment. When the other four folds (2-5)
were used to predict fold 1, the phenotypic information for YDY,
TCM, AIL, and CNN was unavailable for those genotypes in CH but
it was available in SP and ZJU.

10.3389/fpls.2026.1835247

Compared to CV1, CVP appears to be less complex for
predicting genotype performance. This is because in CV1, the
phenotypic information of individuals is completely masked
across traits and environments, whereas in CVP, some partial
information about the genotypes is still available across traits in
other environments. In CVP, the models borrow information from
those traits observed in other environments as well from traits
observed in the same environment but for other genotypes. In this
case, partial data ensures a basis for prediction relative to the more
daunting CV1 scenario.

The CV2 cross-validation scheme predicts the performance of
the genotypes evaluated for at least one trait in all environments
(Figure 3). To create a CV2 scheme, the observations across traits
and environments are randomly assigned to five folds. Afterwards,
four folds are used as the training set to calibrate the model, and the
remaining fold serve as the testing set. Then the process repeated
iteratively for each fold. This fivefold cross-validation technique was
repeated ten times (replicates). The CV2 scheme is considered the
easiest prediction scheme out of the three. Here phenotypic infor-
mation from at least one trait for each genotype is observed at
each environment.

For all cross-validations, the fold assignment was created in the
MTME framework, resulting in a total of 4,032 observations across
traits and environments. The same fold assignment was applied to
individual traits when implementing the STME models for the
different cross-validation schemes. Under the STME framework,
both CVP and CV2 are similar. For all schemes, the GP models are
calibrated using both genomic and phenotypic data from the
training set and these estimated effects are used to predict the
testing set. Despite the framework (multi vs. uni trait) and the cross-
validation schemes, the PA was measured as the Pearson correlation
between predicted and observed values for each trait within the
same environment.

2.5 Estimating heritability

Broad-sense heritability was calculated for each of the four traits
within each of the three locations considering the following

EiT: EiT:2 EiTs EiT, E.T: E:T: E:Ts E2Ts EsT1 EsT: EsTs EsT,
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FicuRe 1

Schematic representation of CV1 for five genotypes (G;-Gs) in three environments (E;, E; and Es) across four traits (Ty, T», Tz and T4). The black circle
with a white checkmark represents the genotypes having information for traits in environments. The orange X mark shows the missing information

of the genotypes for traits in environments.
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FIGURE 2

Schematic representation of CVP for five genotypes (G1-Gs) in three environments (Ey, E» and E3) across four traits (T4, To, Tz and T4). The black
circle with a white checkmark symbol represents genotypes that contain information for traits in various environments. The orange x mark indicates

the missing information for genotypes of traits in various environments

equation to compute the broad-sense heritability.
2
2O
o} + o}

where ng is the genetic variance, 0'}% is the residual variance and
sum of 0, + 07 is the total variance. The following linear predictor
was implemented to compute the variance components.

yi= MU+ Lit+g

with u defined as before, L; ~ N(0, o.gz) and g ~N(0, 6?).

3 Results

The results are provided in four sections: (a) Heritability
values for each trait at each location, (b) Prediction ability and
mean squared error in the CV1 scheme; (c) Prediction ability and

mean squared error in the CVP scheme; (d) Prediction ability
and mean squared error in the CV2 scheme. The figures associated
with each section are displayed in Figures 4-6, respectively.

3.1 Heritability and variance components

Table 1 presents the broad-sense heritability for each trait at
each environment. Results showed that the heritability is low to
moderate across traits in different locations. In general, across
locations AIL presented the lowest heritability values (0.14~0.20)
while CNN showed the higher ones (0.23~0.42) followed by YDY
(0.21~0.41), and TCM (0.15~0.30). As per the locations, ZJU
presented the highest heritability values (0.17~0.42) while for CH
and SP, these ranged from 0.14 to 0.22. Table 2 depicts the
percentage of explained phenotypic variability by the corresponding
model terms of the five linear predictors for the four traits (YDY,
TCM, AIL, and CNN), and combined. The models were fitted
considering the full set of phenotypic records. In general, the
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FIGURE 3

Schematic representation of CV2 for five genotypes (G;-Gs) in three environments (E, E; and Ez) across four traits (Ty, To, T3 and T4). The black circle
with a checkmark represents the genotypes having information for traits in environments. The orange X mark shows the missing information of the

genotypes for traits in environments
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environment captured the largest percentage of explained variabil-
ity and it varied between 14.4% and 36.3%, with the most compre-
hensive MTME (M5) returning the lowest value. Regarding the
unexplained variability, the residual term addressed between 16.8%
and 59.8%, with the MTME (M3) based on the three way interac-
tion only and main effects, returning the lowest value. For single
trait models, the line effect L explained between 5.3% to 7.9% of the
phenotypic variability while the genomic information G between
6.7% to 19.5%. With respect to the MTME models, the genomic
component the range reduced to 1.3%~5.2%. Interestingly, the
amount of phenotypic variability captured by the GxE term was
significantly higher (27.8%~31.5%) compared to the corresponding
explained by G only for the STME models; however, for the MTME
a reduction was observed from 14.4% to 8.4%. For the MTME
models the main effect of traits T explained between 11.4% to
18.6%, while its interaction with environments ExT and with
markers GXT only 0.1% and 8.4% respectively. Finally, the three
way interaction GXExT explained the largest amount of variability
(23.6%~39.7%). These results provide insight into the importance
of considering multiple traits at once to leverage genomic correla-
tions for improving genomic prediction.

3.2 Predictive ability and mean squared
error in the CV1 scheme

The PA and MSE in CV1, CVP, and CV2 were calculated
separately for each environment (“CH”, “SP”, and “ZJU”) within
each trait (YDY, TCM, AIL, and CNN). The predictions and MSE

10.3389/fpls.2026.1835247

were compared under both single-trait multi-environment (STME)
and multi-trait multi-environment (MTME) paradigms. The traits
were scaled, which altered their original values; hence the relative
MSE was used solely to compare model performance. Models with
the highest predictions and lowest MSE values were considered the
best performing.

Figure 4 shows the results for the PA (Panel A) and MSE (Panel
B) under the CV1 scheme across all traits and environments. For
YDY, STME models performed better than MTME models, except
in CH, where both models showed similar results with PA ~ 0.69
and MSE ~0.68. In SP, STME achieved a higher PA (~0.67) and
lower MSE (~0.66). These values were relatively higher by 84% in
terms of PA (0.36) and 16% smaller for MSE (~0.55) with respect to
those obtained with the MTME models. At ZJU, STME again
excelled MTME and achieved an increased PA (~0.88 compared
to ~0.47) and smaller MSE, while MTME models showed 61-69%
higher MSE.

In all three environments, MTME models consistently outper-
formed STME models for TCM. For example, in CH and SP,
MTME models achieved a PA of ~0.63, while STME models
ranged between ~0.28 and ~0.36. At ZJU, MTME models had
greater PA values of ~0.70, compared to ~0.58-~0.62 in the STME
models. Overall, MTME models had around 75%-125% higher PA
in CH and SP, and nearly 13% higher in ZJU, than STME models.
Furthermore, MSE results also supported MTME, with lower values
across all environments. In CH and SP, MTME models had an MSE
of ~0.65, whereas STME models had an MSE of ~0.90. At ZJU,

CV1: Predictive ability (PA) vs Mean squared error (MSE)
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FIGURE 4

Average and corresponding standard error of the within-environment predictive ability (A) and mean squared error (B) in four Miscanthus traits (YDY:
biomass yield, TCM: total culm number, AIL: average internode length, and CNN: culm node number) for two single trait multi-environment (E+L+G,
E+L+G+GE) and three multi-trait multi-environment (E+T+G+ET+GE+GT+GET, E+T+G+GET, E+T+GET) GP models under the CV1 scheme across
three environments (CH, SP, and ZJU). Different colors represent different GP models.
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MTME models had an MSE of ~0.50, in comparison to ~0.67-~0.73
under the STME frameworks.

Mixed patterns were observed for AIL, where MTME models
were advantageous to STME models in CH and ZJU; however, no
improvement was observed in SP. In CH, the MTME models had an
overall PA of ~0.88, outperforming the STME models by 238%.
Similarly, MTME models achieved a constant MSE of ~0.24, which
was 220% lower than the MSE under the STME framework. At ZJU,
the PA was higher in the MTME scheme, with an overall PA of
~0.70. Comparatively, under the STME framework, the PA was
~0.35 and 0.48 for M1 and M2, correspondingly. Hence, at ZJU, the
PA of the MTME was nearly 100% and 46% greater than that of M1
and M2, respectively. Moreover, MTME models had a lower MSE of
~0.50, which outperformed M2 model by 34% and the M1 model by
44%. Conversely, in SP, the STME M2 model was superior, with a
larger PA (~0.40) and smaller MSE (~0.77), whereas the MTME
had a 48% lower PA and a 15% higher MSE.

In addition, the worst performance was attained by STME M1
with a PA of ~0.12 and an MSE of ~0.99. Unlike TCM and AIL,
where MTME models generally showed the best performance,
STME results excelled MTME, particularly in CH and SP for the
trait CNN. In CH, STME had a higher value, with a PA of ~0.72 and
an MSE of ~0.50, whereas MTME showed a lower PA (~0.26) and a
higher MSE (~0.77). In SP, STME again achieved a PA of ~0.72 and
a MSE of ~0.50, which was more pronounced than MTME models,
with a 44% decrease in PA and 52% increase in MSE. In ZJU, M2
model under the STME framework and all the MTME models
performed similarly, with comparable PA (~0.89) and MSE (~0.22).

10.3389/fpls.2026.1835247

In contrast, the M1 model had a lower prediction of ~0.85 and a
higher MSE of ~0.33.

3.3 Predictive ability and mean squared
error in the CVP scheme

The results for the CVP scheme across all four traits, with
respect to PA and MSE, are shown in Figure 5. Across all traits, the
trend was similar to that observed under CV1. The PA (Panel A)
and MSE (Panel B) for YDY showed that the STME models
consistently outpaced the MTME models in SP and ZJU, while
both frameworks had similar PA in CH (~0.68). In SP, STME
returned a PA of ~0.67, a 25% improvement over MTME, and a
33% lower MSE. In ZJU, the M2 model under the STME paradigm
returned the highest PA (~0.87), exceeding the STME M1 by 9%
and the MTME models by 43%. In addition, MTME models
achieved higher MSE, with values 200% and 114% higher than
those of M1 and M2, respectively. In contrast, in CH, STME and
MTME models performed similarly, with comparable PA (~0.68)
and similar MSE (~0.56).

Regarding TCM, MTME models consistently outpaced STME
models across all environments, with maximum PA and minimum
MSE. In CH, MTME models had a PA of ~0.68 and a low MSE
value of ~0.65. Comparatively, STME models showed a decreased
PA ranging from ~0.27 to ~0.32 and an increased MSE of ~0.88.
The results showed a 113% increase in PA and a 26% decrease in
MSE for MTME compared to STME. A similar trend was present in
SP, where MTME models had a PA of ~0.68 and a MSE of ~0.65,

CVP: Predictive ability (PA) vs Mean squared error (MSE)
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FIGURE 5
Average and corresponding standard error of the within-environment predictive ability (A) and mean squared error (B) in four Miscanthus traits (YDY:
biomass yield, TCM: total culm number, AIL: average internode length, and CNN: culm node number) for two single trait multi-environment (E+L+G,
E+L+G+GE) and three multi-trait multi-environment (E+T+G+ET+GE+GT+GET, E+T+G+GET, E+T+GET) GP models under the CVP scheme across
three environments (CH, SP, and ZJU). Different colors represent different GP models.
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while STME models achieved lower PA (~0.36-~0.38) and higher
MSE (~0.88). This resulted in a 78% improvement in PA and a 26%
reduction in MSE for MTME in SP. At ZJU, MTME models also
had superior performance, obtaining PA, which was 8-35% higher
than that of STME models. Similarly, MTME models achieved an
MSE 24-30% lower than the STME models.

Considering AIL, the advantage of MTME models over STME
models varied depending on the environment. In CH, MTME
models exhibited strong performance, with a maximum PA of
~0.88 and a minimum MSE of ~0.23, whereas STME models
performed the worst, achieving a PA that was 214% lower and an
MSE that was nearly 275% higher than MTME. Similarly, at ZJU,
MTME models had larger PA and smaller MSE, with PA values
exceeding those of M1 and M2 in the STME paradigm by 37% and
10%, respectively. Additionally, the MSE values were 44% and 32%
lower than those of STME. Conversely, in SP, the STME M2 model
performed better, with a high PA of ~0.48 and a low MSE. This PA
was 220% higher than STME M1 and about 38% higher than the
MTME models. Moreover, the MTME models had an MSE of
~0.90, which was 10% lower than that of M1 and 20% higher than
that of M2.

In contrast to TCM and AIL, STME models outperformed
MTME models for CNN in both CH and SP. At ZJU, the
performance of the MTME models was similar to M2 model
under the STME framework. In both CH and SP, STME models
attained similar PA values of ~0.73, which was about 59% higher
than the PA of MTME models in CH and 32% higher in SP.
Similarly, STME models showed a decrease in MSE, being 88%
lower than MTME in CH and 60% lower in SP. At ZJU, the STME
M2 model and all MTME models had comparable PA of ~0.88,
which was 16% higher than that of STME M1. Likewise, the MSE
values were similar, with the STME M2 and MTME models
achieving nearly 38% lower values than STME M1.

3.4 Predictive ability and mean squared
error in the CV2 scheme

The PA (Panel A) and MSE (Panel B) across all traits and
environments under the CV2 are shown in Figure 6. Considering
YDY, MTME models M4 and M5 had slightly better performance than
the STME models in CH, with PA ranging from ~0.68 to ~0.70 and the
MSE ranging between ~0.50 and ~0.54. The STME models and MTME
M3 exhibited comparable performance, with a PA of ~ 0.64 and an
MSE of ~0.60. In SP, the PA of STME models was 25-45% higher than
that of MTME models. Considering MSE, STME models had an MSE
of ~0.64, whereas the MSE ranged from ~0.72 to ~0.88 for MTME
models. At ZJU, the STME M2 model obtained the highest PA of ~0.88
and the lowest MSE of ~0.27, which outpaced STME M1 by 14% and
the MTME models by 42%. In contrast, the MTME models attained
the highest MSE values of ~0.75, which were consistent across all
models, showing a 200% increase in MSE compared to M2 and a 114%
increase compared to M1.

In TCM, the results aligned with the previous trend observed
under the CV1 and CVP schemes, in which MTME models
outperformed STME models in each environment. In CH, MTME
models showed the highest PA values, ~0.62 to ~0.75, and the
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lowest MSE values ranging from ~0.47 to ~0.62. In comparison,
both STME models had consistent minimum PA of ~0.33 and
maximum MSE value of ~0.89. Similarly, in SP, MTME models
obtained PA ~0.66 and MSE between ~0.58 and ~0.62, whereas
STME models had PA ~0.39 and MSE ~0.82. In ZJU, MTME
models achieved a PA of ~0.70 with a MSE of ~0.50. The STME
models performed the worst, with PA ranging between ~0.54 and
~0.63 and MSE between ~0.65 and ~0.70.

Likewise, in AIL, MTME models exceeded both STME models
across all environments except SP. In CH, the MTME models
achieved a PA of ~0.88 and a MSE of ~0.23, outperforming the
STME models by 226% in PA and 74% in MSE. At ZJU, the MTME
models obtained a PA of ~0.71 and an MSE of ~0.50, which
exceeded the STME M1 and M2 models by 42-100% in terms of
PA and by 31-46% considering MSE. Conversely, in SP, the M2
under STME was the best model, reaching a PA of ~0.47, while the
predictions under STME M1, MTME M3, and M4 ranged from
~0.20 to ~0.30, meaning that the M2 model performed around 56%
better than the MTME models. M2 also had the lower MSE (~0.76),
while all other models (STME M1 and MTME models) had higher
MSEs ranging between ~0.90 and ~0.95. Although MTME models
performed slightly better than STME M1, the MSE values were still
around 20% higher than STME M2.

Finally, for CNN, STME models showed superior performance
to MTME models in CH and SP. In CH, STME models achieved a
PA of ~0.72 and an MSE of ~0.43, presenting better performance
than MTME models (PA ~0.30 - ~0.35 and MSE ~0.90). Similarly,
in SP, STME models had a higher PA (~0.72) and a lower MSE
(~0.43), while MTME models achieved a PA between ~0.42 and
~0.44 and an MSE ranging from ~0.75 to ~0.77. At ZJU, both STME
M2 and MTME models performed similarly, with PA of ~0.88 and
MSE of ~0.25, while STME M1 showed slightly decreased PA
(~0.78) and an increased MSE (~0.37).

4 Discussion

One of the biggest challenges for using GP in breeding programs is
to improve the PA of genotypic variation for complex traits that are
highly influenced by environmental stimuli. This is because complex
traits are prone to changing their response across environments due to
GxE interactions. Therefore, it is not possible to select superior
genotypes based solely on data from a single environment. Genomic
selection has been successfully implemented in breeding programs to
improve the PA of complex traits using multi-environmental data. In
recent years, different GP models have been proposed to track GXE
interactions by incorporating marker x environment interactions and
have been shown to improve PA for the complex traits that are already
observed in some environments (Jarquin et al., 2014; Lopez-Cruz et al.,
2015; Crossa et al., 2017).

However, when the genotypes are not evaluated in any envi-
ronment, it becomes challenging for the statistical models to
leverage information of the other genotypes in different environ-
ments (Gill et al., 2021; Shahi et al., 2022). In addition, STME
models that predict one trait at a time cannot use information from
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FIGURE 6

Average and corresponding standard error of the within-environment predictive ability (A) and mean squared error (B) in four Miscanthus traits (YDY:
biomass yield, TCM: total culm number, AIL: average internode length, and CNN: culm node number) for two single trait multi-environment (E+L+G,
E+L+G+GE) and three multi-trait multi-environment (E+T+G+ET+GE+GT+GET, E4+T+G+GET, E+T+GET) GP models under the CV2 scheme across
three environments (CH, SP, and ZJU). Different colors represent different GP models.

traits observed in other environments. Breeders evaluate genotypes
for multiple traits for selection purposes, which provides opportu-
nities to include them in the GP models (Shahi et al., 2022). Multi-
trait (MT) GP models offer advantages over single-trait models by
leveraging shared genetic information across traits (Sun et al., 2017;
Shahi et al., 2022).

The extension of MT models to account for complex GxE
interactions (MTME) adds benefits for predicting traits simulta-
neously across different environments (Montesinos-Lopez et al.,
2019a). The advantages of MTME models could be implemented in
Miscanthus breeding programs since this crop is evaluated for
multiple yield component traits across a diverse range of environ-
ments (Clark et al., 2014), enabling more comprehensive selection
approaches to achieve enhanced genetic gain.

Several studies in Miscanthus breeding programs have utilized
GP models to predict complex traits. Olatoye et al. (2019) used four
uni-trait GP models and found the efficiency of GP models for
predicting simulated traits with complex architecture. Clark et al.
(2019) utilized uni-trait GP models in both single location and
multi-location trials for predicting traits in M.s sinensis. Another
study performed by Olatoye et al. (2020) used uni-trait GP model to
predict the performance of a simulated progeny population by
leveraging the genetic diversity from its parental population.

Moreover, the potential of GP models for predicting yield and
yield component traits in M. sacchariflorus across multiple envi-
ronments was demonstrated by Njuguna et al. (2023). However,
despite Miscanthus being evaluated for many traits, no previous
studies have explored the advantages of the multi-trait approach
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and contrast to the uni-trait GP models. To determine whether
including multiple traits across environments improves the PA of
the complex traits in the Miscanthus population, we evaluated the
performance of two STME and three MTME GP models.

Our results suggest that the relative importance of STME and
MTME models varied by traits and environments. MTME models
consistently enhanced PA for TCM and AIL across most environ-
ments, showing successful implementation of MTME models.
Conversely, for YDY and CNN, STME models often performed
similarly or outperformed MTME models, indicating limited
advantages of MTME modeling for these traits. Environmental
factors also played a role, where MTME models exhibited more
consistent performance in certain environments, whereas STME
models (particularly M2) were advantageous in others. These
findings suggest that the advantage of MTME models is both
trait-specific and environment-dependent.

4.1 Prediction scenario CV1

In this study, it was found that in the CV1 scheme the MTME
models performed better than STME models for TCM and AIL, but
not for YDY and CNN. The MTME models with high PA also
obtained lower MSE, highlighting better performance than the
STME models. TCM and AIL had low phenotypic correlations between
pairs of environments compared to YDY and CNN (Supplementary
Figure 1) whose showed similar correlation between pairs of environ-
ments. It implies that the performance of genotypes for these traits
might vary across environments due to the influence of GXE. In that
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TABLE 1 Broad-sense heritability for each trait (4) in each one of the
locations (3).

Trait/ Heritability
environment \5)% TCM AlL
CH 0.22 0.15 0.14 0.23
SP 021 0.16 0.20 0.26
ZJu 041 0.30 0.17 0.42

case, MTME models could borrow information by better capturing
information across other genotypes observed in multiple environ-
ments, especially when low phenotypic correlations are present.

In the case of high phenotypic correlations, the models includ-
ing interactions marginally improve the main effects models be-
cause the environments are alike. The improvement of MTME
models in the CV1 scheme is noticeable as the genotypes are never
observed in any environment. Previously, some studies reported no
improvement of MTME models over STME models in the CV1
scheme (Jiang et al., 2015; Schulthess et al., 2016). As prediction in
CV1 relies on other genotypes observed across environments,
reduced PA in these studies could be associated with the absence
of information from the environments where these genotypes are
observed (Roorkiwal et al., 2018).

The improvements of MTME models over STME models were
apparent for TCM in all environments and for AIL in two out of the
three environments (CH and ZJU). MTME models had superior
performance for traits exhibiting low phenotypic correlation across
environments. However, in SP, low PA in MTME might be
associated with AIL experiencing unique environmental conditions
driven by plant-specific factors that cannot be measured (Hill and
Mulder, 2010), and which MTME could not track.

10.3389/fpls.2026.1835247

Moreover, in SP for trait AIL, model M2 performed the best,
while the lowest performance was observed for M1 compared to the
MTME model. When the genotypes are never observed in CV1, it is
challenging for M1 model to pool information across environments.
This is because M1 does not account for GXE interaction allowing
models to capture specific signals in environments returning a
weighted average value instead. On the other hand, in environments
where plants exhibit variation due to non-recognizable micro-
environmental factors (Raffo et al., 2023), it might be challenging
for the MTME models to detect signals for those environments.
Therefore, the reason why model M2 outperforms M1 and the
MTME models could be due to its ability to capture the specific
environmental variation for AIL in SP. The findings highlight the
importance of environmental conditions on PA and the flexibility
of M2 model in better handling within environment complex
trait architectures.

For YDY, where using MTME models did not show advantages,
STME models performed better in SP and ZJU, while in CH, all five
models performed similarly. Moreover, both STME models with and
without GXE interaction showed similar performance in all environ-
ments. However, the MSE value was the lowest for M2 in ZJU. In
other words, there were no advantages of using GXE interaction term
for predicting YDY in CH and SP, except in ZJU where the MSE
value was low for M2. It is probably because YDY exhibited low GXE
interaction due to high phenotypic correlation across different
environmental pairs compared to TCM and AIL (Supplementary
Figure 1). While in ZJU, YDY showed variable response to environ-
ment-specific deviations, which the M2 model was able to capture.
On the other hand, across CH and SP, the trait (YDY) remained
stable, resulting in similar predictions for both STME models.

Considering CNN, at CH and SP, the STME models demonstrated
similar and superior performance compared to the MTME models.

TABLE 2 Percentage of variability explained by the model terms of five GP models, two STME models (E+L+G and E+L+G+GE) and three MTME models
(E+T+GET, E+T+G+GET, E+T+G+ET+GE+GT+GET), implemented on Miscanthus sacchariflorus population comprised of 336 genotypes observed in
three environments (Chuncheon, South Korea by Kangwon National University (CH), Sapporo, Japan by Hokkaido University (SP) and Zhuji, China by
Zhejiang University (ZJU)) for four different yield component traits (YDY, TCM, AIL and CNN). 6%, 62, 6%, and &% present the main effects for

environment, lines, traits, and markers, respectively.

Percentage of explained variability

6-%' 6% 6[:2'\T 6-éxE ééxT
YDY E+L+G (STME) 345 53 17.2 42.9
YDY E+L+G+GE (STME) 299 5.6 12.1 282 24.3
TCM E+L+G (STME) 26.5 5.6 124 55.6
TCM E+L+G+GE (STME) 222 6.2 7.1 31.5 33.1
AIL E+L+G (STME) 25.0 6.3 8.9 59.8
AIL E+L+G+GE (STME) 214 7.9 6.7 30.0 34.0
CNN E+L+G (STME) 36.3 55 19.5 38.6
CNN E+L+G+GE (STME) 31.8 6.1 15.6 27.8 18.7
All traits stacked | E+T+GET (MTME) 24.8 18.6 39.7 16.8
All traits stacked | E+T+G+GET (MTME) 22.0 15.6 52 38.1 19.1
All traits stacked | E+T+G+ET+GE+GT+GET (MTME) | 14.4 11.4 13 0.1 14.4 8.4 23.6 26.4

The interaction terms G %, 1, 6 gyg» O gyr> and G &, g7 correspond to the interactions between environment and trait, between genotype and environment, between genotype and trait, and
among genotype, environment, and trait. & 2 represents the unexplained variance addressed by the residual error.
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Similar to YDY, CNN had high phenotypic correlation among all
environments, unlike TCM and AIL (Supplementary Figure 1).
However, at ZJU, the performance of M2 was similar to that of the
MTME models. This supports the fact that under high phenotypic
correlations among environments, the GXE interaction term from M2
loses relevance compared to the main effects model. This was very clear
for both YDY and CNN when comparing M1 vs. M2.

4.2 Prediction scenario CVP

In CVP, the performance of the models was similar to the
observed under CV1. The MTME models outperformed STME
models for TCM and AIL but not for YDY and CNN. The similar
performance of CV1 and CVP suggests that when a genotype is
observed for all traits in other environments but is untested in a
specific environment, the MTME models can still exploit patterns of
the traits across multiple environments. In other words, for missing
traits in one environment, observed trends of the genotypes across
different environments benefit MTME models for predictions.
Similarly to before, M2 outperformed all models in ZJU for YDY
and in SP for AIL, indicating that this model well captured the
impact of traits specific within-environmental variation in CVP.

4.3 Prediction scenario CV2

Apart from a slight improvement observed for YDY in CH using
MTME models compared to STME models, the prediction scenario
in CV2 presented similar patterns to those observed under the CV1
and CVP schemes. Previous studies have noted improvements in the
CV2 scheme using MTME models (Wang et al., 2017; Lado et al.,
2018; Bhatta et al,, 2020; Gill et al., 2021). Because genotypes are
observed for at least one trait in some environments but not in others,
prediction under CV2 is less challenging. This cross-validation
mimics cases where some information of the genotype is observed
in the environment of interest. It might be the case, for example, that
one trait is easier to measure than others. Some of these would involve
destructive phenotyping techniques or high costs.

In these scenarios, partial information could be obtained for
some traits but not others in the same environment for the same
genotype. Or some traits could be strategically collected in some
environments only. Unlike previous cross-validations, MTME
slightly improved prediction for YDY in CH over STME models.
This is possibly attributable to the proficiency of the models to
integrate information regarding the overall performance of the
genotypes across different environments.

5 Conclusions

This study evaluated the potential of two single-trait multi-
environment models and three multi-trait single-environment
models for four yield component traits of a Miscanthus population
in three separate cross-validation strategies mimicking real-life
prediction problems in breeding programs. An improvement of
MTME models over STME models for traits TCM and AIL was
observed in all cross-validation scenarios. This suggests that the
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MTME models can be implemented conveniently in the Miscanthus
breeding program to improve PA for some traits while STME for
others. In addition, additional advantages of MTME models in
predicting YDY at a specific location under the CV2 scheme were
identified. Further studies should consider different combinations
of traits using the MTME models to improve PA in YDY.

It was also found that in some environments for particular traits,
the M2 (E+L+G+GxE) model outperformed both the M1 (E+L+G)
and the MTME models in CVP and CV2 schemes. It suggests that M2
is efficient in capturing the within-environment variation, while
MTME benefits when environments have low phenotypic correlation
among them. Overall, the PA obtained in this study using MTME
approaches represents a new framework for utilizing GS in selecting
complex traits within the Miscanthus population.

Finally, the approach presented here is an initial exploration of
what can be done with MTME models for improving PA in
Miscanthus populations. The results presented here are quite
satisfactory for improving PA in complex traits. Further research
can include additional Miscanthus traits to enhance the prediction
of yield component traits across all cross-validation scenarios.
Although predictions for a completely new environment were not
evaluated in the current study, this MTME approach provides
flexibility for predicting unobserved genotypes in novel environ-
ments, which has been a challenge for similar implementations
focused on estimating covariance structures. Future Miscanthus
breeding programs should focus on the practical implementation of
this MTME approach for improved genetic gains.
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