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Abstract

Current genomic prediction (GP) models often fall short of fully capturing the genetic architecture of complex traits and providing
practical breeding guidance, particularly under varying environments. Here, we propose the mmGEBLUP, an advanced GP scheme
designed to tackle the current limitations in fully exploiting the genetic architecture of complex traits and to predict individual
breeding value (BV) with multi-environment trial data. Our approach considers four genetic structural indicators to capture the genetic
architectures stepwise across four models: the Genomic Best Linear Unbiased Prediction (GBLUP) model considers only main polygenic
effects; the GEBLUP model includes both main and genotype-by-environment (GE) interaction polygenic effects; and the mmGBLUP
and mmGEBLUP models further incorporate main and GE interaction effects of major genes. Through systematic simulations and
applications to nine traits, three in rice and six in tobacco, we show stepwise increases in prediction accuracy from GBLUP to mmGEBLUP,
providing evidence on the scale of heritability and polygenicity of traits. In practical terms, we predict four components of BV: major
additive, minor additive, major interaction, and minor interaction. Interestingly, we discover that for traits like natural leaf number in
tobacco, the major additive BVs for the top 20 individuals are substantially equal; it is the minor additive BV that causes the difference
in the total BV. The relative size of major/minor additive BVs suggests performing either marker-assisted selection or genomic selection
or both. Overall, mmGEBLUP is an advanced prediction scheme that enhances the understanding of genetic architectures and facilitate
the genetic improvement of complex traits in crops under diverse environments.

Keywords: genomic prediction; complex traits; genetic architecture; GE interaction; breeding value

Introduction
Over the past two decades, genomic selection (GS) or genomic pre-
diction (GP) has significantly enhanced genetic gains and accel-
erated crop breeding. GP leverages phenotypic and genomic data
from a training population to estimate breeding values (BVs) for
individuals in a validation or testing population that have been
genotyped but not phenotyped. With its efficiency, accuracy, and
rationality, GP continues to advance and improve in the era of
Breeding 4.0, with considerably high accuracy [1, 2]. However, as
breeding elite varieties under continuous selection for complex
traits approaches saturation, more advanced methods are essen-
tial for further improvement.

The performance of GP models depends on how well they cap-
ture the genetic architecture of traits. While plenty of GP methods
exist, the Genomic Best Linear Unbiased Prediction (GBLUP) model
is a commonly used reference due to its simplicity, versatility in
incorporating diverse information, and robustness across traits
[3]. Despite its strengths, GBLUP assumes equal genetic variance
for all single-nucleotide polymorphisms (SNPs) and considers
only additive effects. Trait genetic architecture varies not only by
heritability but also by polygenicity, which reflects the propor-
tion of genetic variance attributed to large-effect genes (major
genes) versus small-effect genes (polygenes or minor genes). In
crops like rice, genome-wide association studies (GWASs) have
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identified quantitative trait loci (QTLs) with large effects on traits
such as grain yield, flowering time, plant height [4], and alu-
minum tolerance [5], while in crops like maize, studies have found
most agronomic traits to be controlled by numerous small-effect
genes, such as leaf structure [6] and flowering time [7]. Simi-
larly, in tobacco, linkage analysis in biparental and multiparent
advanced generation intercross (MAGIC) populations has revealed
that traits like leaf length are influenced by both major and minor
QTLs [8, 9].

To address the complexity of traits with varying polygenicity,
GBLUP has been modified to incorporate peak marker–trait asso-
ciations. These modifications include weighting causal mutations
in the genetic relationship matrix (GRM) [10], treating associated
markers as fixed effects [11–15], and adding random effects for
GWAS signals [16]. Such augmented GP models improve predic-
tions for traits mostly influenced by large-effect genes, such as
flowering time or disease resistance [12, 13]. The problem is how
to identify variants with large causal effects. Previous studies have
evaluated GWAS models for GP using top variants based on P-
values [17, 18] or fitness evaluation [19], but few have tested all
combinations of significant signals for optimal fits [12]. To remind,
increasing prediction accuracy (PA) is not the ultimate goal; rather,
the predicted individual BV is what truly matters in breeding
programs.

Genotype-by-environment (GE) interaction is a fundamental
aspect of biology and plays a crucial role in shaping the
genetic architecture of complex traits [20]. Plant breeding
usually includes extensive multilocation and multiyear field trial
data, which served as a great source for analyzing genotypic
variation across environments. GP is popular in predicting
genotypic values in annual crops, where both genetic and
nongenetic effects determine the final commercial value of
the lines [21–23]. Multi-environment GP models have been
successfully implemented in various crops such as rice [24],
maize [25], and wheat [26]. However, while core variants have been
incorporated into GP, no existing method fully integrates major
and minor additive and interaction effects for multi-environment
trial data. This highlights the need for new prediction meth-
ods tailored to both genetic architecture and GE interaction
structures.

To address these limitations, we propose an advanced GP
scheme that exploits the genetic architecture of complex traits
and provides practical breeding guidance, especially under
diverse environmental conditions. The scheme, outlined in
Fig. 1, includes three key highlights: (i) we use four genetic
structural indicators to describe the genetic architecture and
GE structure of traits. The first two indicators—general and
interaction heritability—are well known in quantitative genetics.
The other two indicators—general and interaction polygenicity—
are introduced to crop breeding for the first time in this study.
(ii) We include four GP models—GBLUP, GEBLUP, mmGBLUP,
and mmGEBLUP—as part of the scheme. Each model incremen-
tally incorporates one additional genetic structural indicator.
Through simulations and applications, we show how stepwise
increases in PA reveal heritability and polygenicity scales for
different traits. (iii) Traditional BV is defined as the additive
genetic values. In our study, mmGEBLUP predicts four BV
components: major additive, minor additive, major interaction,
and minor interaction. The relative contributions of major and
minor BVs inform whether to use marker-assisted selection
(MAS) or GS or both. Additionally, interaction term predictions
guide breeding for environment-specific or broadly adaptive
varieties.

Materials and methods
Statistical models
In essence, mmGEBLUP is established on the empirical knowledge
of the genetic architecture of traits, including GE interactions.
The main idea of introducing four GP models, GBLUP, GEBLUP,
mmGBLUP, and mmGEBLUP, as a whole system is to step-wisely
break down the genetic architecture of the traits. Therefore, the
features and the assumptions of the model are also step-wisely
brought into the model (Fig. 1 and Table S1). We will introduce
model assumptions and notations step by step, starting from the
basic GBLUP model.

Genomic Best Linear Unbiased Prediction model
Let’s suppose we have observations across v environments for g
lines. Based on the GBLUP model, the phenotypic value of the i-th
line in the h-th environment (yih) can be expressed by the following
mixed linear model:

yih = μ + ai + eh + εih

where μ is the population mean; ai is the additive genetic effect
of i-th line, random effect, ai ∼ N

(
0, σ 2

A

)
; eh is the main effect of

the h-th environment, random effect, eh ∼ N
(
0, σ 2

E

)
; and εih is the

residual effect, random effect, εih ∼ N
(
0, σ 2

ε

)
. The model can also

be written in matrix form,

y = μ + ZAuA + ZEuE + ε (1)

where y is an n × 1 vector of phenotypic values; n is the total
number of observations, where n = g × v. Incomplete data with
fewer observations than n can also be analyzed by modifying the
design matrices; μ = [μ . . . μ]′ is the vector of population mean;
uA = [a1 . . . ag]

′ ∼ MVN
(
0, KAσ 2

A

)
with the coefficient matrix

ZA = 1v ⊗ Ig; ⊗ denotes the Kronecker product of matrices; 1v

denotes an v × 1 vector with all the elements equal to 1, and Ig

denotes an g × g identity matrix; KA is the additive relationship
matrix estimated by Endelman’s method [27], KA = MM′

2
∑m

j=1pj(1−pj)
,

where pj is the minor allele frequency of the j-th marker and
m is the number of markers. M = {

xij
}

is the genotype matrix,
whose element is coded with −1, 0, and 1 for the null homozygous,
heterozygote, and positive homozygote, respectively, and centered
by subtracting 2pj − 1; uE = [e1 . . . ev]

′ ∼ MVN
(
0, Iσ 2

E

)
with the

coefficient matrix ZE = Iv ⊗ 1g; ε is an n × 1 vector of residual
effects, ε ∼ MVN

(
0, Inσ

2
ε

)
. The GBLUP model only considers one

genetic structural indicator, which is the general heritability.

Genotype–Environment Best Linear Unbiased Prediction
model
To further incorporate GE interaction, we adopted the GEBLUP
(Genotype–Environment Best Linear Unbiased Prediction) model
as an extension from the basic GBLUP model. Based on the
GEBLUP model, the phenotypic value yih can be expressed as,

yih = μ + ai + eh + aeih + εih

where aeih is the additive-by-environment interaction effect due to
all markers of the i-th line and h-th environment, random effect,
aeih ∼ N

(
0, σ 2

AE

)
. Other parameters denoted in the model are the

same as those in the GBLUP model. The model can also be written
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Figure 1. Description of the mmGEBLUP scheme. Genetic architectures and four structural indicators: the basic idea of the mmGEBLUP model lies in the
phenotypic variance explained by different genetic resources and their relative sizes. We adopt four structural indicators to describe genetic architectures
and GE interaction structures. h2

A is the general heritability in the narrow sense; h2
AE is the interaction heritability in the narrow sense; ρA is the general

polygenicity that denotes the proportion of additive variance explained by markers with major additive effects; ρAE is the interaction polygenicity
that denotes the proportion of additive-by-environment interaction variance explained by markers with major interaction effects; genomic prediction
models and structural indicators accounted. We compare four GP models that have different assumptions on marker effects and model different genetic
architectures, which are GBLUP, GEBLUP, mmGBLUP, and mmGEBLUP. The relative size of prediction accuracy between models is related to different
genetic structural indicators; predicting BVs based on the mmGEBLUP model: environment-specific and broadly adaptive BVs can be predicted for each
individual based on four components, which are major additive BV (al), minor additive BV (a), major interaction BV (ael), and minor interaction BV (ae).

in matrix form,

y = μ + ZAuA + ZEuE + ZAEuAE + ε (2)

where uAE = [ae11 · · · aeg1 . . . ae1v . . . aegv]
′ ∼

MVN
(
0, Iv ⊗ KAσ 2

AE

)
with the coefficient matrix ZAE = Iv ⊗ Ig.

The GBLUP model has been extended to GEBLUP, which implies
both general and interaction heritability, yet it still overlooks the
polygenic nature of these traits and their interactions with the
environment.

Major–minor integrated Genomic Best Linear Unbiased
Prediction model
By introducing different assumptions regarding the impact of
additive marker effects, we then describe the major–minor
integrated Genomic Best Linear Unbiased Prediction (mmGBLUP)
model. In the mmGBLUP model, the additive effects for causal
markers are assumed as fixed effects, while the additive effects
for the remaining markers are assumed as random effects

following the same distribution. Suppose there are t causal
markers with large additive effects. Based on the mmGBLUP
model, the phenotypic value can be expressed as,

yih = μ +
t∑

j=1

xijqj + ai + eh + aeih + εih

= μ + al
i + ai + eh + aeih + εih

where al
i = ∑t

j=1 xijqj is the summation of large additive effects
for i-th line, fixed effect; xij is the coding value (−1, 0, or 1) of the
genotype, and the qj is the additive effect; ai is the additive genetic
effect of the i-th line due to the remaining small-effect markers,
random effect, ai ∼ N

(
0, σ 2

A

)
. Other parameters denoted in the

model are the same as those in the GEBLUP model. The model
can also be written in matrix form,

y = μ + XAl bAl + ZAuA + ZEuE + ZAEuAE + ε (3)
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where bAl =
[
q1 . . . qt

]′
is an t × 1 effect vector for large-

effect markers with the coefficient matrix XAl = 1v ⊗ Ml; Ml =[
x1 . . . xg

]′
is a g × t genotype matrix consisting of xi =[

xi1 . . . xit

]′ (
i = 1, . . . , g

)
, which is a t × 1 genotype vector of

the i-th line on t large-effect markers; uA =
[
a1 . . . ag

]′ ∼
MVN

(
0, KAσ 2

A

)
with the coefficient matrix ZA = 1v ⊗ Ig; KA is

the additive relationship matrix constructed with small-effect
background. Other parameters are the same as the denoted in
the GEBLUP model. Extending from GEBLUP model, the mmGBLUP
model accounts for an extra genetic structural indicator, the
general polygenicity.

Major–minor integrated Genotype-Environment Best Linear
Unbiased Prediction model
By introducing different assumptions regarding the impact of
large and small GE interaction effects, we propose the major–
minor integrated Genotype–Environment Best Linear Unbiased
Prediction (mmGEBLUP) model. This model introduces different
assumptions about the contributions of large and small GE inter-
action effects. In mmGEBLUP, additive-by-environment interac-
tion effects for different causal markers are modeled as random
effects with distinct variances, while interaction effects for the
remaining markers are treated as random effects following a com-
mon distribution. Suppose there are t causal markers with large
additive and s causal markers with large additive-by-environment
interaction effects. Based on the mmGEBLUP model, the pheno-
typic value can be expressed as,

yih = μ +
t∑

j=1

xijqj + ai + eh +
s∑

j=1

xij(qe)jh + aeih + εih

= μ + al
i + ai + eh + ael

ih + aeih + εih

where μ, al
i, ai, eh, and εih are denoted the same as those in

mmGBLUP model; ael
ih = ∑s

j=1 xij(qe)jh is the summation of large
additive-by-environment marker effects for i-th line in the h-
th environment; (qe)jh is the additive-by-environment interaction
effect of the j-th large-effect marker in the h-th environment, ran-

dom effect, (qe)jh ∼ N
(
0, σ 2

AjE

)
; aeih is the additive-by-environment

interaction effect due to all small-effect markers for the i-th line in
the h-th environment, random effect, aeih ∼ N

(
0, σ 2

AE

)
. The model

can also be written in matrix form,

y = μ + XAl bAl + ZAuA + ZEuE + ZAlEuAlE + ZAEuAE + ε (4)

where uAlE =
[
(qe)11 . . . (qe)s1 . . . (qe)1v . . . (qe)sv

]′ ∼
MVN

(
0, Iv ⊗ diag

(
σ 2

A1E . . . σ 2
AsE

))
with the coefficient matrix

ZAlE = Iv ⊗ XAl ; uAE =
[
ae11 . . . aeg1 . . . ae1v . . . aegv

]′ ∼
MVN

(
0, Iv ⊗ KAσ 2

AE

)
with the coefficient matrix ZAE = Iv ⊗ Ig; KA

is constructed with the remaining markers with small interaction
effects. Other parameters are denoted the same as those in the
mmGBLUP model. So far, we have described the mmGEBLUP
model along with other three GP models and how these model
assumptions account for different genetic architecture.

The prediction of effects and breeding values
Models are fitted using the sommer R package [28]. All four models
are built under the framework of mixed linear model. The typ-
ical mixed models developed by Searle and Henderson can be

written as

y = Xβ + Zu + ε (5)

where β and u are vectors of the fixed and random effects,
respectively. X and Z are the incidence matrices. For example,
in the mmGEBLUP model, the fixed and random effects are β =
[

μ

bAl

]
and u =

⎡
⎢⎢⎢⎣

uA

uE

uAlE

uAE

⎤
⎥⎥⎥⎦ and the corresponding incidence matrices

are X =
[
1 XAl

]
and Z =

[
ZA ZE ZAlE ZAE

]
. The vari-

ance–covariance structure of y is V = ZGZ′ + R, where G is
the variance–covariance matrix of random effect vector u and
R is the variance–covariance matrix of residual effect vector ε.
Based on the direct-inversion method, the estimators of fixed

and random effect are β̂ =
[
μ̂ b̂Al

]′ = (
X′V−1X

)−1X′V−1y and

û =
[
û′

A û′
E û′

AlE û′
AE

]′ = GZ′V−1
(
y − Xβ

)
. The estimation

of both β̂ and û requires the knowledge of variance–covariance
parameters. To obtain estimates of these parameters, restricted
maximum likelihood based on the Newton iterative algorithm
is used to estimate the variance components via the sommer R
package. We are able to predict the total genetic value of i-th
individual within h-th environment through four BV components,
based on their origins, referred to as major additive BV (al), minor
additive BV (a), major interaction BV (ael), and minor interaction
BV (ae), respectively. The prediction of these four BV components
is based on the estimation of fixed and random effects,

⎡
⎢⎢⎣

âl
1
...

âl
g

⎤
⎥⎥⎦ = XAl b̂Al ,

⎡
⎢⎢⎣

â1

...
âg

⎤
⎥⎥⎦ = ûA,

⎡
⎢⎢⎣

âel
11
...

âel
gv

⎤
⎥⎥⎦ = ZAlEûAlE,

⎡
⎢⎢⎣

âe11

...
âegv

⎤
⎥⎥⎦ = ûAE

Model evaluation
We employed the cross-validation (CV) scheme to evaluate the
performance of models. For example, in a k-fold cross-validation
experiment, one of the k folds served as the validation fold, and
the other k-1 folds served as training folds. This process was
repeated k times so that each fold served once as the validation
fold. Given the multi-environment experiment design, we defined
that the training population includes all folds in training environ-
ments and training folds in validation environments, while the
validation population consisted only of the validation fold in the
validation environment (Fig. 2).

The means and standard errors of PA, calculated from
Pearson’s correlation between the observed and the predicted
phenotype, will be reported and pair-wise Student’s t-test is
employed to test whether the performance of one method is
better than that of the other. Let x1i denote the PA of one method
and x0i denote the PA of another method. The difference in PA
between the two methods under i-th CV is di = x1i − x0i, d is the
mean difference of di. The t-statistic is

T∗ = d

SE
(
d
) (6)

Under the null hypothesis H0: μ1 ≤ μ0 and alternative hypothe-
sis H1: μ1 > μ0, this statistic follows a Student t-distribution with
n − 1 degree of freedom. If it is a k-fold cross-validation, with c
repeats, then n = kc.
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Figure 2. Description of the training and validation populations under
multi-environment trials. There are three environments (E1, E2, and E3)
and four CV folds (C1, C2, C3, and C4) in the example. The training
population includes all folds in training environments and only training
folds in the validation environment, while the validation population
includes only the validation fold in the validation environment.

Genetic mapping approaches
To apply the mmGEBLUP method more effectively, it is crucial to
identify markers that are closely associated with causal genes.
Previous studies have investigated different GWAS models to be
implemented in GP. Most of them chose to incorporate top signals
sorted by P-values [17, 18]. Few have adopted further tests on
all combinations of significant signals for optimal fit [12]. Here,
we adopted a similar strategy to detect causal markers with
additive or additive-by-environment effects in complex traits. We
employed the mixed-linear-model-based QTXNetwork 2.0 soft-
ware to select significant signals and remain significant ones
in the stepwise model selection [29]. To control the experiment-
wise type I error rate, a critical F-value based on the Henderson
III method was determined by the permutation test with 1000
repeats for each tested locus at the significance level of .05. To
remove spurious signals, the stepwise selection was performed on
all significant signals from the F-statistic profile. All signals with
either additive or additive-by-environment effects remained after
stepwise selection will be considered as large-effect markers in
mmGBLUP and mmGEBLUP models.

Simulation
To properly quantify the genetic architecture of traits, we pro-
posed a systematic procedure of phenotype simulation according
to four genetic instructors, which are general and interaction her-
itability and polygenicity. The definitions of these four instructors
and a transformation from the four instructors to the generation
of marker effects are described in the following context.

Here, we consider additive genetic variance, but the model can
further include dominance and epistasis genetic variances con-
ceptually. When there exists GE interaction, phenotypic variance
(σ 2

P ) is partitioned as σ 2
P = σ 2

A+σ 2
E +σ 2

AE+σ 2
ε . Here, σ 2

A is the variance
of additive genetic effects, σ 2

E is the environmental variance, σ 2
AE

is the additive-by-environment interaction variance, and σ 2
ε is the

residual variance. Heritability including general heritability (h2
G,

here h2
A) and interaction heritability (h2

GE, here h2
AE) in the narrow

sense can be expressed as,

h2
A = σ 2

A

σ 2
A + σ 2

AE + σ 2
ε

h2
AE = σ 2

AE

σ 2
A + σ 2

AE + σ 2
ε

(7)

Building on the work of Yang and Zhou [30], we adopt the
concept of PGE (ρ), which is the proportion of genetic variance
explained by the large-effect term to quantify the polygenic
hypothesis fittings or the ‘polygenicity’ for a surveyed trait. We
now generalize the concept of polygenicity to GE interaction. Let’s
assume we have m markers, with t of them being large-effect
markers with the same variance for additive effects and s of them
being large-effect markers with the same variance for additive-
by-environment effects, respectively. The general polygenicity (ρA)
and interaction polygenicity (ρAE) can be expressed as,

ρA =
∑t

j

(
2pj

(
1 − pj

))
σ 2

al

σ 2
A

= 1 −
∑m−t

j

(
2pj

(
1 − pj

))
σ 2

as

σ 2
A

ρAE =
∑s

j

(
2pj

(
1 − pj

))
σ 2

ael

σ 2
AE

= 1 −
∑m−s

j

(
2pj

(
1 − pj

))
σ 2

aes

σ 2
AE

(8)

where pj is the allele frequency of j-th marker, σ 2
al

and σ 2
as

are
the additive variances of marker effects whose contribution is
relatively large or small; σ 2

ael
and σ 2

aes
are the interaction variances

of marker effects whose contribution is relatively large or small.
We simulate both the effects of major and minor markers by
random sampling from a normal distribution. If we assume σ 2

A +
σ 2

AE + σ 2
ε = 1, based on Eq. (7) and Eq. (8), the variance of marker

effects in terms of heritability (h2
A and h2

AE) and polygenicity (ρA

and ρAE) are

σ 2
al

= ρAh2
A∑t

j

(
2pj

(
1 − pj

)) textrmand σ 2
as

= (1 − ρA) h2
A∑m−t

j

(
2pj

(
1 − pj

))

σ 2
ael

= ρAEh2
AE∑s

j

(
2pj

(
1 − pj

)) textrmand σ 2
aes

= (1 − ρAE) h2
AE∑m−s

j

(
2pj

(
1 − pj

)) (9)

Consequently, marker effects are simulated based on two parts,
the main effect (qj) and the interaction effect (qejh). For example,
the main effect of j-th large-effect marker is randomly sampled
from qj ∼ N

(
0, σ 2

al

)
, its interaction effect in the h-th environment

is randomly sampled from qejh ∼ N
(
0, σ 2

ael

)
, and its overall effect

is qj +qejh. Similarly, for small-effect markers, σ 2
al

is replaced by σ 2
as

and σ 2
ael

is replaced by σ 2
aes

. We visualized the simulation for the
main effect, interaction effect, and overall effect in Fig. S1, using
three environments as an example.

In this study, we generated genotypes for 1000 individuals
with 2000 independent markers and a total of 3000 observa-
tions across three environments. We randomly selected minor
allele frequencies of markers from a uniform distribution of
U (0.05, 0.5). For more complicated simulation scenarios involv-
ing up to 100 000 markers and different LD conditions, please
refer to SNote 1. For the phenotypic values, we designated seven
markers as major causal variants with large additive or additive-
by-environment effects or both, while the remaining markers
were assumed as minor causal variants with small additive and
additive-by-environment effects. To examine model performance
under different genetic architectures and GE interaction struc-
tures, we considered a total of seven scenarios with different
combinations of h2

A, h2
AE, ρA, and ρAE (Table S2). In each scenario,

we conducted 4-fold cross-validation in 10 repeats and evaluated
the performance of GBLUP, GEBLUP, mmGBLUP, and mmGEBLUP
models.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
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Data description
We choose two breeding populations as examples for testing the
effectiveness of employing mmGEBLUP in real data. To note that,
these two populations represent different types of breeding; one
is representative for diversity breeding panels, and the other is
representative for a designed biparental population. Both popula-
tions are frequently used in multi-environment field trials.

Rice population
A rice diversity panel consisting of 369 elite inbred lines from the
International Rice Research Institute (IRRI) irrigated rice breeding
program was analyzed. 384-plex genotyping-by-sequencing was
used to discover and call SNPs. SNPs with call rates <90% were
removed along with monomorphic markers to obtain a filtered
SNP dataset containing 73 147 SNPs. We further removed SNPs
with low-frequency (MAF < 0.05) and high linkage disequilibrium
(LD, R2 > 0.9 in a 50-variant window and a 5-variant count to shift
the window). A total of 8756 SNPs remained and were used in the
following GP analysis. Individuals with missing data ≥60% and
outlier individuals were removed according to principal compo-
nents analysis as performed in Spindel et al. [31], and 332 lines
remained for further analysis. Phenotypic data were obtained
from a replicated yield trial conducted in Los Baños, Philippines,
from 2009 to 2012 in two seasons per year: dry season (DS) and wet
season (WS). These season-year combinations were considered
as eight environments. Different training and validation envi-
ronments assigned in different experiment designs are given in
Table S3. Three phenotypes, namely, grain yield (YLD, kg/ha), plant
height (PH, cm), and flowering time (FLW, days to 50% flowering)
were analyzed. As there are differing degrees of family relatedness
existed, we adopted the same familial background control before
randomly assigning individuals to each CV fold [12, 31].

Tobacco population
A breeding population of 268 recombinant inbred lines (RILs)
derived from K326 and Y3, two elite flue-cured tobacco parents,
has been constructed to investigate the genetic basis of agronomic
traits and hazardous smoke traits in tobacco. We considered 7107
bin markers mapped on 24 linkage groups based on an integrated
SNP-Indel-SSR genetic map [9]. Six agronomic traits including
natural plant height (nPH, cm), natural leaf number (nLN), stem
girth (SG, cm), internode length (IL, cm), length of the largest leaf
(LL, cm), and width of the largest leaf (LW, cm) were measured in
Shilin from 2020 to 2022, denoted as 2020SL, 2021SL, and 2022SL.
We considered 2022SL as the validation environment and 2020SL
and 2021SL as the training environments. Other statistic details
of the traits from two population are listed in Table S4.

Results
Simulated data
The bar plots depict the PA using GBLUP, GEBLUP, mmGBLUP, and
mmGEBLUP models with different simulated traits under various
genetic architectures and GE interaction structures (Fig. 3A–C).
Different traits were simulated through diverse settings of general
and interaction heritability and polygenicity (Table S2). PA was
influenced by the genetic architectures of traits as well as the
choice of GP methods. In general, the upper limit of PA was
determined by trait heritability [32], which implied that higher
heritability led to higher accuracy. For example, in Fig. 3A, PA
from all four methods increased as general heritability increased.
However, other genetic structural indicators, such as interaction

heritability, considered in GP models further affected the upper
limits. Since no GE interactions were considered in the GBLUP
model, its PA remained relatively constant even as total heri-
tability increased. For example, when h2

A = 0.3 and h2
AE increased

from 0.2 to 0.3 and 0.6, the average PA of GBLUP is consistently
0.407, 0.405, and 0.398 (Fig. 3B). Unlike the GBLUP model, the
upper limits of GEBLUP, mmGBLUP, and mmGEBLUP models that
considered GE interaction depended on both general heritability
and interaction heritability. For instance, the average accuracies
for the GEBLUP model increased from 0.434 to 0.464 and 0.605
when h2

AE increased from 0.2 to 0.3 and 0.6 (Fig. 3B).
As an advanced GP model, the mmGEBLUP model significantly

(P < .0001) outperformed GBLUP, GEBLUP, and mmGBLUP models
in PA across all scenarios. The increase in PA was particularly
prominent when a trait had a higher h2

AE or ρAE, indicating that
mmGEBLUP exhibited a great advantage in predicting the complex
trait of a target genotypes in a target environment. For example,
when ρA = 0.5, ρAE = 0.5, h2

A = 0.3, and h2
AE increased from 0.2 to

0.3 and 0.6, the average PA increases of mmGEBLUP were 36.3%,
56.3%, and 103.3% compared to GBLUP; 27.9%, 36.4%, and 33.7%
compared to GEBLUP; and 19.1%, 26.1%, and 25.8% compared
to mmGBLUP (Fig. 3B). Similarly, when ρA = 0.5, h2

A = 0.3, h2
AE =

0.3, and ρAE increased from 0.3 to 0.5, the average PA remained
the same at 0.502 for the mmGBLUP model but increased from
0.575 to 0.633 for the mmGEBLUP model (Fig. 3C). To conclude,
these results demonstrate that h2

A accounts for the baseline PA
of the GBLUP model, h2

AE is responsible for the accuracy increase
between GBLUP and GEBLUP models, ρA explains the accuracy
increase from the GEBLUP to the mmGBLUP model, and ρAE

accounts for the accuracy increase from mmGBLUP to mmGE-
BLUP, as implied in Fig. 1. Thus, we believe that mmGEBLUP shows
greater promise in capturing not only the genetic architecture
of traits but also their GE interaction structures, from both the
perspectives of heritability and polygenicity.

The value of the mmGEBLUP model extends beyond its higher
PA; for instance, it facilitates the prediction and selection of supe-
rior varieties. The mmGEBLUP model assumes that individual
GEBV can be assessed by four components, namely, the major
additive BV (al), minor additive BV (a), major interaction BV (ael),
and minor interaction BV (ae). The mmGEBLUP model predicts
these four components for each individual in the validation envi-
ronment. We compared the predicted values with the actual
values in simulation (Fig. 3D–G). The correlation reached 0.686
and 0.625 for major and minor additive BVs and 0.799 and 0.291
for major and minor additive-by-environment BVs, respectively,
demonstrating good accuracy of prediction. Based on the true
or predicted values, we identified the top 20 individuals by their
BVs, made up of four components (Fig. 3H and I). Among the top
20 individuals in their predicted values, 9 were also among the
top 20 in their true values, including the top five individuals.
These results underscore the effectiveness of the mmGEBLUP
model in predicting BV and identifying superior lines for breeding
programs.

Genetic mapping in rice and tobacco populations
We conducted genetic mapping in both rice and tobacco datasets
(Figs S2 and S3), selected peak signals in a full genetic model
including GE interaction, and compared the results with variance
components analysis (Table 1). In the rice population, narrow-
sense heritability estimates from peak variants aligned with the
broad-sense heritability estimates from variance components
analysis. Among the three traits, FLW exhibited the highest
general and interaction heritabilities in the broad sense as well

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
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Figure 3. Performance of mmGEBLUP model in simulations. (A–C) Prediction accuracies of different simulated traits using GBLUP, GEBLUP, mmGBLUP,
and mmGEBLUP models. Seven traits/scenarios are simulated to present different genetic architectures and GE interaction structures. In each scenario,
the P-values for pair-wise Student’s t-test are displayed on top of each plot in a 4-fold cross-validation with 10 repeats (df = 39, one-sided test).
∗∗∗∗: P ≤ .0001. Scenarios are organized in three groups: (A) traits with the same interaction heritability but different general heritability, ρA = 0.5, ρAE = 0.5,
h2

AE = 0.3, combined with three h2
A (= 0.2, 0.3, and 0.6). (B) Traits with the same general heritability but different interaction heritability, ρA = 0.5, ρAE = 0.5,

h2
A = 0.3, combined with three h2

AE (= 0.2, 0.3, and 0.6). (C) Traits with the same general and interaction heritability but different general and interaction
polygenicity. (D–G) Regression plots of four expected and predicted BV components. (H, I) Top 20 individuals with their true and predicted four BV
components. al: major additive BV, a: minor additive BV, ael: major interaction BV, ae: minor interaction BV, and error: true residual error. Individual BVs
are given at ρA = 0.5, ρAE = 0.5, h2

AE = 0.3, and h2
A = 0.3.

as in the narrow sense, followed by PH in general heritability
and YLD in interaction heritability. In the tobacco population,
nLN had the highest general heritability (H2

G = 48.5% and h2
A =

41.9%), whereas the trait IL had the lowest general heritability
(H2

G = 4.3% and h2
A = 9.3%) but the highest interaction heritability

(H2
GE = 63.0% and h2

AE = 8.5%) among six traits. These findings,
together with the following GP model evaluations and individual
BV compositions, provide insights into the genetic architecture of
traits.

Genomic prediction in rice population
We evaluated six experimental designs, as outlined in the original
study [31], using the wet season of 2012 (2012WS) as the validation
environment (Table S3). In Experiment design 2, up to seven envi-
ronments were used as training environments, whereas Experi-
ment design 7 included only the most recent two environments.
The mmGEBLUP model significantly improved PA compared to

mmGBLUP, GEBLUP, and GBLUP models across most experiments
(Fig. 4A–C). On average, the mmGEBLUP model improved PA by
3.6%, 6.2%, and 6.0% for YLD; 1.0%, 1.7%, and 1.9% for PH; and
6.4%, 7.4%, and 8.1% for FLW, compared to mmGBLUP, GEBLUP,
and GBLUP, respectively.

We further evaluated individual BVs predicted by the mmGE-
BLUP model across four components (Fig. 4D–F), using Experiment
design 8 as an example. For all three traits, higher total BVs were
primarily explained by major additive BVs. For FLW, the individual
with the largest major additive BV ranked highest. However, for
YLD, individuals with the largest major additive BVs, such as
“A1271”, “B1118”, and “A1316” ranked lower due to negative minor
BVs. When selecting environment-specific varieties, all four BV
components should be considered, whereas for broadly adaptive
varieties, comparing additive BVs alone is sufficient. Therefore,
accessions like “A1271”, “B1118”, and “A1316” remain promising
breeding materials due to their large additive BVs.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
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Table 1. Variance components and heritability estimation for traits in rice and tobacco populations.

Popula-
tion

Traita Variance components Est. (S.E.)b Heritabilityc

σ̂2
G σ̂2

E σ̂2
GE σ̂2

ε Ĥ2
G Ĥ2

GE ĥ2
A ĥ2

AE

Rice YLD 0.104 (0.018) 0.699 (0.077) 0.101 (0.016) 0.251 (0.018) 22.7% 22.2% 21.4% 9.6%
PH 0.295 (0.018) 0.414 (0.086) 0.067 (0.017) 0.230 (0.019) 49.8% 11.3% 45.0% 7.7%
FLW 0.450 (0.018) 0.281 (0.081) 0.187 (0.016) 0.093 (0.018) 61.7% 25.6% 70.6% 20.7%

Tobacco nPH 0.467 (0.031) 0.143 (0.152) 0.337 (0.036) 0.177 (0.030) 47.6% 34.4% 24.1% 4.3%
nLN 0.529 (0.032) 0.116 (0.153) 0.470 (0.037) 0.092 (0.030) 48.5% 43.1% 41.9% 1.8%
SG 0.266 (0.031) 0.320 (0.153) 0.303 (0.035) 0.327 (0.030) 29.7% 33.8% 25.7% 0.0%
IL 0.032 (0.029) 0.497 (0.148) 0.465 (0.035) 0.241 (0.030) 4.3% 63.0% 9.3% 8.5%
LL 0.218 (0.032) 0.100 (0.153) 0.334 (0.037) 0.424 (0.031) 22.3% 34.2% 12.7% 0.0%
LW 0.140 (0.032) 0.096 (0.152) 0.311 (0.036) 0.515 (0.031) 14.5% 32.2% 15.4% 0.6%

aTrait annotation: YLD, grain yield (kg/ha); PH, plant height (cm); FLW, flowering time (days to 50% flowering); nPH, natural plant height (cm); nLN, natural leaf
number; SG, stem girth (cm); IL, internode length (cm); LL, length of the largest leaf (cm); and LW, width of the largest leaf (cm). bVariance components:
Variance components analysis was performed based on the mixed linear model, y = μ + G + E + GE + ε. Both the genetic effect (G), environment effect (E), GE
interaction effect (GE), and residual effect (ε) are random effects. The sommer R package was employed to solve the mixed model equation and estimate the
variance components. σ̂ 2

G : estimated genotypic variance; σ̂ 2
E : estimated environmental variance; σ̂ 2

GE: estimated genotype-by-environment interaction variance;
σ̂ 2

ε : estimated residual variance. Numbers in brackets are standard errors (S.E.) of the variance component estimates. cHeritability: General heritability in the
broad sense (H2

G) and interaction heritability in the broad sense (H2
GE) are estimated from variance components analysis, which are Ĥ2

G = σ̂ 2
G/

(
σ̂ 2

G + σ̂ 2
GE + σ̂ 2

ε

)
and

Ĥ2
GE = σ̂ 2

GE/
(
σ̂ 2

G + σ̂ 2
GE + σ̂ 2

ε

)
. General heritability in the narrow sense (h2

A) and interaction heritability in the narrow sense (h2
AE) are estimated based on peak

variants detected by software QTXNetwork 2.0. ĥ2
A is calculated from the proportion of phenotypic variance explained by the additive effects of peak variants

and ĥ2
AE is calculated from the proportion of phenotypic variance explained by the additive-by-environment interaction effects of peak variants.

Figure 4. The performance of mmGEBLUP in the rice population. (A–C) Cross-validation prediction accuracies of YLD, PH, and FLW in the rice population
using GBLUP, GEBLUP, mmGBLUP, and mmGEBLUP models. The P-values for pair-wise Student’s t-test are displayed on top of each plot in a 5-fold cross-
validation with 10 repeats (df = 49, one-sided). We include six experimental designs (Exp 2, Exp 3, Exp 11, Exp 10, Exp 8, and Exp 7) that consider 2012
WS as a validation environment. Experiment number is defined in the original study and is remade in Table S2. (D–F) Top 20 individuals with their four
predicted BV components. al: major additive BV, a: minor additive BV, ael: major interaction BV, and ae: minor interaction BV.

A comprehensive interpretation of individual BVs helps
breeders select elite accessions and refine breeding strategy. For
example, MAS and GS can target major and minor additive BVs,
respectively. Consider “B1201” and “B1204”, the top two accessions
with longer flowering times. While “B1201” had a larger major
additive BV, its minor additive BV was smaller than that of “B1204”.
To potentially improve “B1204”, MAS could be applied to its large-
effect markers to resemble “B1201” in major genetic makeup while
retaining its small-effect markers. This approach integrates the

superiority of both “B1201” and “B1204” by pyramiding favorable
major genes and background genes.

Genomic prediction in tobacco population
The evaluation of PA across models, particularly the relative
increase in PA between models, emphasizes the significance of
structural indicators (h2

A, h2
AE, ρA, and ρAE). Figure 5A illustrates the

prediction performance of four GP methods for various agronomic
traits, including the PA and pair-wise P-values from Student’s

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
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Figure 5. The performance of mmGEBLUP model in the tobacco population. (A) Cross-validation prediction accuracies of six agronomic traits in the
tobacco population using GBLUP, GEBLUP, mmGBLUP, and mmGEBLUP models. The P-values for pair-wise Student’s t-test are displayed on top of each
plot in a 4-fold cross-validation with 10 repeats indicating (df = 39, one-sided). nPH, natural plant height; nLN, natural leaf number; SG, stem girth; IL,
internode length; LL, length of the largest leaf; LW, width of the largest leaf. (B) Top 20 individuals with their predicted four BV components in traits LW
and IL. al: major additive BV, a: minor additive BV, ael: major interaction BV, and ae: minor interaction BV. (C) Venn plots with top 20 individuals in six
agronomic traits.

t-tests. The mmGEBLUP model significant improved PA for five
traits (P < 1e-5) compared to GBLUP and GEBLUP and for three
traits (P < .05) compared to the mmGBLUP model. Notably, IL
exhibited the largest PA increase with mmGEBLUP: 49.6% com-
pared to mmGBLUP, 69.5% compared to GEBLUP, and 114.7%
compared to GBLUP.

The heritability estimates and PA comparisons across models
provide insights into trait genetic architecture and GE interaction
structures. Firstly, the relative performance of GBLUP reflects the
relative magnitude of general heritability. For example, nLN, with
the highest general heritability (ĥ2

A = 41.9%), showed the highest
PA (0.704) with GBLUP, while IL, with the lowest heritability (ĥ2

A =
9.3%), exhibited the lowest PA (0.076) with GBLUP. Secondly, traits

with high interaction heritability, such as IL, exhibited substantial
PA increases with GEBLUP compared to GBLUP (e.g. PA increased
from 0.076 to 0.221). Thirdly, mmGBLUP outperformed GEBLUP
for traits with less polygenic architecture and larger ρA, as seen
for LL and LW (PA increased from 0.375 to 0.417 for trait LL
and from 0.341 to 0.424 for trait LW). Lastly, the significant PA
difference between mmGEBLUP and mmGBLUP indicates a larger
ρAE. For example, nPH, nLN, and IL showed P-values of .030, .049,
and 1.50e-11, respectively. However, for SG and LL, where no
GE interaction loci were detected, no difference was observed
between mmGEBLUP and mmGBLUP.

Based on the mmGEBLUP model, individual BV predictions with
four components are provided in Fig. 5B and Fig. S4. Interestingly,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf058#supplementary-data
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for traits like nLN and LW, the major additive BVs for the top 20
individuals were substantially equal; it was the minor additive BV
that caused the difference in the total BV. For example, “Y290.1”
and “Y252.2” had identical major additive BVs (2.164), but their
minor additive BVs were 1.123 and 0.908, respectively. For IL,
both major additive and interaction BVs contributed to total BV
variation. Major interaction BV should be considered for breeding
environment-specific elite varieties. Certain accessions exhibited
elite performance across multiple traits due to correlated traits
and colocalized QTLs [9]. For example, five accessions, “Y287.1”,
“Y115.1”, “Y360.1”, “Y278.1”, and “Y265.1” ranked among the top
20 for nPH, nLN, and SG (Fig. 5C).

Discussion
The genetic architecture of a trait is shaped by both major and
minor genes, along with their core or peripheral interactions
with the environment. Together, they guide primary breeding
efforts. In this study, we present a new GP scheme that accurately
models genetic architectures and provides practical suggestions
based on four components of individual BV. Through extensive
simulations, we show how stepwise increases in PA from GBLUP
to GEBLUP, to mmGBLUP, and to mmGEBLUP indicate the scale
of heritability and polygenicity in different traits. Applications to
rice and tobacco traits showcased the scheme’s ability to improve
PA and predict individual BVs, emphasizing its value for breed-
ing programs. Overall, mmGEBLUP stands out as a competitive
and flexible GP model for multi-environment trials, excelling in
capturing genetic architectures, predicting informative BVs, and
aiding in the selection and improvement of complex crop traits.

While we have observed the robustness of the GBLUP model
across various trait architectures, we believe in the benefits of
developing statistical models that are tailored to particular traits.
In practical applications, we encourage to explore different GP
models as long as the computational cost is affordable. Beyond
mixed linear models, the distinction between major and minor
genetic variance can be incorporated into Bayesian frameworks.
Nonparametric methods, such as machine learning and deep
learning, further facilitate prediction without prior knowledge of
potential genetic models [33].

Predicting individual BV is crucial for the genetic improvement
of complex traits. GP emphasizes the concept of response to
selection captured in the breeder’s equation [34]. Traditional BV is
defined as the additive genetic value while extending the concept
to include additive-by-environment interaction is necessary for
multi-environment data. In our model, we further decompose
BV into major and minor components, for both additive and
interaction effects. Both major and minor BVs play active roles in
evaluation of individual performance. The relative size of major
and minor additive BVs suggests the choice of performing MAS
or GS or both. The major terms are easier to select and fix
through MAS, while the minor terms act as an entirety in a
collective whole, making them difficult to combine or transmit
across varieties. Moreover, the proportion of GE interaction terms
also gives information on how to breed environment-specific or
broadly adaptive elite varieties. Ideally, the four predicted individ-
ual BVs can be used to design elite varieties by integrating desired
elements from different individuals.

The genetic and GE interaction effects that we are currently
focusing on are additive, using inbred lines. However, when
breeding commercial lines with higher heterozygosity, dominance
effects become non-negligible. The gap between broad-sense and
narrow-sense heritability indicates the presence of nonadditive

genetic variance (Table 1). Additionally, gene–gene (GG) interac-
tions, particularly additive-by-additive interactions, play a crucial
role in the genetic architecture of complex traits but were not
included in our current analysis. This omission is basically due to
the limited statistical power to detect GG interactions compared
to GE interactions, given their small effect sizes and the large
sample sizes required—empirical estimates show an average
heritability contribution of only 0.06% per QTL pair for yield-
related traits in rice [35]. Incorporating dominance and epistasis
into our framework and expanding population sizes represent
key directions for future research to further unravel the genetic
architecture and improve the PA of the model.

Key Points

• We develop an advanced genomic prediction scheme by
considering four genetic structural indicators, includ-
ing newly applied concepts of general and interac-
tion polygenicity, to predict complex traits with multi-
environment trial data.

• Our systematic simulation and applications show the
advantages of using the mmGEBLUP model, along with
GBLUP, GEBLUP, and mmGBLUP models, by revealing the
genetic architecture of the traits.

• We offer practical breeding guidance by predicting four
components of breeding values, highlighting the contri-
bution of minor effects in constructing total breeding
values.
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Supplementary data are available at Briefings in Bioinformatics
online.
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