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Recurrent selection is an important breeding method for population improvement and
selecting elite inbreds or fixed lines from the improved germplasm. Recently, a
computer simulation tool called QuMARS has been developed, which allows the
simulation and optimization of various recurrent selection strategies. Our major
objective in this study was to use the QuMARS tool to compare phenotypic recurrent,
marker-assisted recurrent, and genomic selections (abbreviated respectively as PS,
MARS and GS) for both short- and long- term breeding procedures. For MARS, twomarker
selection models were considered, i.e., stepwise (Rstep) and forward regressions
(Forward). For GS, three prediction models were considered, i.e., genomic best linear
unbiased predictors (GBLUP), ridge regression (Ridge), and regression by Moore-Penrose
general inverse (InverseMP). To generate genotypes and phenotypes for a given
individual during simulation, one additive and two epistasis genetic models were
considered with three levels of heritability. Results demonstrated that selection
responses from GBLUP-based GS and MARS (Forward) were consistently greater than
those from PS under the additive model, particularly in early selection cycles. In
contrast, selection response from PS was consistently superior over MARS and GS under
epistatic models. For the two epistasis models, total genetic variance and the additive
variance component were increased in some cases after selection. Through simulation,
we concluded that GS and PS were effective recurrent selection methods for improved
breeding of targeted traits controlled by additive and epistatic quantitative trait loci
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(QTL). QuMARS provides an opportunity for breeders to compare, optimize and integrate
new technology into their conventional breeding programs.
© 2020 Crop Science Society of China and Institute of Crop Science, CAAS. Publishing services by
Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the

CC BY-NC-ND license(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Selection of genetically superior genotypes among the huge
amount of recombinant and segregating progenies is an
essential but complex procedure in plant breeding [1,2].
Development of cultivars involves cyclic crossing and selection
procedures over long periods of time. Traditionally, plant
breeders relied on phenotypic selection (PS) to determine the
genetic potential of individuals or families in the field and chose
the best genotypes that simultaneously exhibited multiple
desirable traits. PS serves as an efficient strategy to improve
complex traits by continuously increasing the frequency of
favourable alleles. However, PS requires extensive field exper-
iments, resources, and selection over a number of breeding
cycles [3]. In some cases, plant breeders have to reduce the
number of genotypes that are to be phenotyped in the field due
to limited resources. Conventional and modern breeding
techniques have pushed the annual genetic gain of wheat
grain yield from ~0.7% to ~1.2% [4,5] and a selection plateau has
yet to be reached. It is forecasted that the world population will
increase by 50% by themiddle of this century and will require a
70% increase in crop productivity. The current annual genetic
yield gain inmajor food crops including wheat is insufficient to
meet these predicted future demands [4]. New methods and
tools must be considered and integrated with the conventional
breeding methods in order to speed up the genetic gain.

In the 1980s, development of molecular markers greatly
facilitated our understanding of breeding targeted traits and
provided great potential to improve selection efficiency. One
major application of molecular markers is QTL mapping,
which is used to identify genomic regions linked to major
genes for targeted traits. The identified linkage information
between markers and QTL can be used in selection, which is
referred to as marker-assisted selection (MAS). MAS has been
successfully used for gene introgression by selecting those
individuals that have favourable alleles linked with mono-
genic or oligogenic traits, for example, for nematode resis-
tance in soybean [6], and Fusarium head blight in wheat [7].
However, MAS has some limitations when used for selecting
polygenic traits (such as grain yield), which are controlled by
many QTL with minor effects [8]. To address this limitation,
marker-assisted recurrent selection (MARS) has been used for
selection of complex traits [9]. In MARS, selection is initially
based on phenotypic values and marker scores, followed by
several cycles of selection based on marker scores alone [10].
MARS could accelerate the recurrent selection procedure by
saving several seasons of field phenotyping. To acquire a
score for selection, MARS relies on ad hoc significance tests
for the marker and QTL association. It requires a cut-off
criteria for QTL exhibiting major effects and therefore may
exclude QTL with minor effects.

Genomic selection (GS) is another marker-based selection
method using genome-wide and densely distributed

molecular markers to increase the efficiency of improving
complex traits [11]. There are no significance tests in GS, and
all markers contribute to the prediction of phenotypic values.
In this way both major and minor QTL for the complex traits
are included [12]. GS requires the use of a training population
(TP) and one or a few breeding populations (BP). To implement
GS, the TP provides both phenotypic and genotypic data to
train or develop the statistical model and predict genomic
estimated breeding values (GEBVs) for selection in the BP,
which is only genotyped. High-throughput, cost-effective, and
high-density genotyping platforms have made it possible to
predict genotypic values based on marker effects [13,14]. In
the past 10 years, many prediction models have been
proposed that differ from each other in their range of
assumptions in estimating breeding values and by their
computational complexity [15]. Due to its robustness and
simplicity, GBLUP has been extensively used in animal and
plant breeding for prediction and selection. Previous simula-
tion studies on maize have demonstrated that BLUP-based GS
produces an 18% to 43% higher response to selection than
MARS, across genetic models with different QTL numbers and
levels of heritability [12]. Different selection methods con-
tinue to make progress in improving response to selection.
However, gene-to-phenotype architecture (e.g., epistasis and
gene-gene interaction) of complex quantitative trait influ-
ences the expected phenotypic performance of new individ-
uals [16]. According to the present literature, the presence of
epistasis in the underlying genetics of a trait is expected to
influence phenotypic performance of progeny. However, the
majority of studies have focused on additive genetic variance
and paid little attention to the epistasis in breeding proce-
dures. This is because detection of epistasis effects requires
heavy computation for pairwise testing of alleles. Large-scale
field-testing is also impractical for assessing the effects of
epistasis on selection responses due to the time and resource
limitation. Thus, computer simulation provides a fast and
affordable alternative.

Advances in computer modeling and simulation provide
advantages compared to conventional plant breeding [17] and
can help breedersmake critical decisions in the design of their
breeding programs [12,18]. Several computer simulation
software packages (e.g., QU-GENE, AlphaSim, DeltaGen, and
BreedingSchemeLanguage) are currently available to plant
breeders to support decision-making for cultivar development
programs, especially with the integration of MAS methods
[19–21]. Sun et al. [22] have discussed the importance and
application of several computer simulation software pro-
grams to assist plant breeders in their critical decisions in
developing new cultivars. QU-GENE is one genetics and
breeding simulation platform that can evaluate different
selection and breeding strategies using complex genetic
modeling scenarios [23]. The QU-GENE simulation tool has a
two-stage architecture (Fig. 1). In the first stage, the QU-GENE
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engine is used to define the genotype-by-environment (GE)
system (i.e., all necessary genetic and environmental infor-
mation for the simulation experiment) and to generate an
initial parental population or base germplasm.

The second stage includes application modules to investi-
gate, analyze or manipulate the parental population within
the GE system defined by the engine. Application modules are
used to evaluate the efficiency of breeding strategies and
identify ways to optimize the specific breeding procedure
[17,18,24,26]. Currently, QU-GENE tools include QuLine for
self-pollinating crops [17], QuHybrid for inbred line develop-
ment and hybrid performance prediction [24], and
QuLinePlus, which is an expansion of QuLine to breeding
cross-pollinating crop species [18]. QU-GENE tools are freely
available and can be downloaded from https://sites.google.
com/view/qu-gene/. QU-GENE tools have been used in major
crops such as wheat and maize to make strategic breeding
decisions, like comparison of selection strategies and design
breeding [17,25,26], and tactical decisions, such as optimiza-
tion of crossing and selection methods [2,27,28].

However, to our knowledge, existing simulation software
platforms lack the ability and flexibility to simultaneously
simulate plant breeding programs with recurrent selection
procedures with respect to PS, MAS, and GS. Recently, another
QU-GENE tool called QuMARS has been developed to simulate
recurrent PS, MARS and GS [29]. From a breeding perspective,
QuMARS allows breeders to simulate various strategies in
phenotypic and genomic recurrent selection, and therefore to
evaluate the genetic gain, change in genetic variance, and
change in gene frequency etc., over one or several cycles of

selection. To the best of our knowledge, this is the first such
simulation study conducted using the QuMARS software. Our
objectives for the present study were: (1) to introduce the
QuMARS application module; and (2) to model and simulate
phenotypic, marker-assisted and genomic selection in the
context of recurrent selection breeding programs.

2. Materials and methods

2.1. Quantitative genetics and breeding simulation platform of
QU-GENE

In QU-GENE, the genotype-to-phenotype simulation is based
on an E(N:K) model [23], where E stands for number of
different environment types; N stands for number of QTL for
breeding targeted traits; and K stands for level of epistasis,
such as digenic or trigenic interactions. QU-GENE incorporates
GE interaction effects and epistasis networks into the basic
genotype-to-phenotype model [30]. The phenotypic value of a
trait is modelled in QU-GENE by:

Pij ¼ gij þ εij ð1Þ

where gij represents the genotypic value of the ith individual in
the jth mega-environment, and εij is the micro-environmental
random effect. During the simulation, the allele constitution of
any individual was known and therefore its genotypic value
could be calculated from the E(N:K) model defined by QU-GENE
engine. The error effect in phenotypic values was randomly

.QUG file needs:
• Traits
• Environments
• Error variances
• Linkage map
• QTL loca�ons 

and effects
• Markers
• Star�ng 

popula�on 

Star�ng popula�on
.POP

Breeding strategy
.QMP

• Correla�on coefficient.COE
• Error message.ERR
• Genotypic value.FIT
• Gene fixa�on.FIX
• Gene frequency.FRE
• GP model.GMP
• Hamming distance.HAM
• Variance components.VAR
• Popula�on informa�on.POU
• Test cross performance.TST
• Hybrid performance.HBD

GE-system 
.GES

.QMP file needs:
• Number of 

crosses
• Plan�ng details 
• Selec�on 

informa�on
• Genera�on 

advance method

QU-GENE engine QuMARS tool

Input files Executable files

First stage Second stage

Output files

Fig. 1 –Workflow of the QuMARS breeding simulation tool. Three input files are needed to run QuMARS. In the first stage, the *.
QUG input file is defined. It contains information regarding breeding targeted traits, genetic architecture (i.e. linkage map, QTL
effects, and epistatic networks) of traits. Two output files are generated after running the QU-GENE engine as follows:
genotype-by-environment information (*.GES) and a starting population (*.POP) for next step of simulation experiments. In the
second stage, one other input called breeding strategy (*.QMP) needs to be defined. It contains information regarding crosses,
planting, harvest, and selection details. In this stage, the information in the GES file will be used to simulate phenotypes of
breeding traits. Parents for crosses come from the POP file. The selection procedure executes as defined in the QMP file.
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assigned from a normal distribution with a mean of zero and a
variance equal to the user-specified error variance or calculated
from the user-specified heritability level.

2.2. Development of the QuMARS application module

QuMARS is one of the application modules based on the QU-
GENE software [29] and is written in Fortran 90/95 (freely
available from https://sites.google.com/view/qu-gene/
Download-page). It was originally developed to simulate
marker-assisted recurrent selection, but can also simulate PS
and GS. In the era of molecular breeding, QuMARS can act as a
decision-making platform by simulating and optimizing the
integration of GS and MARS in an ongoing conventional
breeding program. Three input files are needed to run QuMARS.
Two are outcomes from the QU-GENE engine (i.e., *.GES and *.
POP; Fig. 1). The *.GES file contains the required information that
can be used to predict genotypic and phenotypic values of any
individuals during simulation, and the *.POP file defines a
genetic population which can be used as parents for making
crosses. The third input file *.QMP defines the breeding strategy
that will be simulated (Fig. 1) [29]. The number of breeding
cycles and selection criteria are defined by users. In simulation,
single crosses are first made between two parental lines to
derive training populations (e.g. DH, F2, and so on). Phenotyping
and genotyping can be conducted for later or earlier genera-
tions. For example, when the objective is to select pure lines as
cultivars (e.g., in wheat and beans), dominance and heterosis
are less important. One advanced selfing generation can be
used as the training population for both phenotyping and
genotyping. For hybrid breeding (e.g., in maize and sorghum),
one early segregating generation should be used as the training
population where the dominance and heterosis can be fitted in
the prediction model. To improve general combining ability, in
some cases phenotype may need to be based on a testcross
rather than theperformance of a single genetic line. It should be
noted that phenotyping and genotyping can be conducted
within the same generation or in two separate generations. For
example, if F2 is used as the training population, genotyping can
be conducted for F2 individuals, but phenotyping should be

conducted using F2-derived F3 or even F4 families. These
scenarios can be simulated using QuMARS.

2.3. Genetic models used in the simulation

We assumed a genome consisting of five chromosomes, each
with 100 evenly distributed markers at 2-cM intervals (Table 1).
We simulated traits that are controlled by simple to complex
geneticmodels, represented by three levels of QTL number (i.e.,
1, 2, and 5QTLper chromosome) and three levels of broad-sense
heritability (i.e., 0.1, 0.4, and 0.8). One additive and two epistasis
models were considered. For each model, QTL effects were set
as random in the *.QUG input file. During simulation, the QTL
effects were randomly generated from uniform distribution.
Linked QTL may have effects in the same direction,
representing linkage in the coupling phase; or in opposite
directions, representing linkage in the repulsion phase.

Epistasis models were only considered for those situations
when there were either 2 or 5 QTL per chromosome. For EP1,
the interaction was between QTL located on different chro-
mosomes. For the case of 2 QTL per chromosome, the five
epistasis networks were Q1:1 × Q2:2, Q2:1 × Q3:2, Q3:1 × Q4:2,
Q4:1 × Q5:2, and Q5:1 × Q1:2 (the subscripts represent chromo-
some number and number of QTL per chromosome, respec-
tively). For the case of 5 QTL per chromosome, the five
epistasis networks were Q1:1 × Q2:2 × Q3:3 × Q4:4 × Q5:5, Q-

2:1 × Q3:2 × Q4:3 × Q5:4 × Q1:5, Q3:1 × Q4:2 × Q5:3 × Q1:4 × Q2:5,
Q4:1 × Q5:2 × Q1:3 × Q2:4 × Q3:5, and Q5:1 × Q1:2 × Q2:3 × Q3:4 × Q4:5.
For EP2, the interaction was between QTL located on the same
chromosome. For the case of 2 QTL per chromosome, the five
epistasis networks were Q1:1 × Q2:1, Q1:2 × Q2:2, Q1:3 × Q2:3,
Q1:4 × Q2:4, and Q1:5 × Q2:5. For the case of 5 QTL per
chromosome, the five epistasis networkswereQ1:1 × Q2:1 × Q3:1-

× Q4:1, Q1:2 × Q2:2 × Q3:2 × Q4:2, Q1:3 × Q2:3 × Q3:3 × Q4:3,
Q1:4 × Q2:4 × Q3:4 × Q4:4, and Q1:5 × Q2:5 × Q3:5 × Q4:5.

2.4. Simulation of training and base populations

Two inbred parents were generated by the QU-GENE
engine. In each genetic model, we assumed a two-locus

Table 1 – Summary of marker, QTL, and selection information used to define the genetic model.

Information Parameter Specific values or abbreviations

Marker and QTL distribution on the genome Genome length 1000 cM
Number of chromosomes 5, each of 200 cM
Number of QTL per chromosome 1, 2, 5
Number of markers per chromosome 100
Marker interval length 2 cM
QTL positions Randomly assigned

QTL effect model and trait heritability Additive model ADD
Epistasis between QTL on different chromosomes 5 networks, EP1
Epistasis between QTL on the same chromosome 5 networks, EP2
Heritability of the trait 0.1, 0.4, 0.8

Selection details Number of selection cycles 15
Size of the population before selection 500
Selected proportion per cycle 10%
Selection methodsa PS, forward, Rstep, GBLUP, Ridge, InverseMP

a PS, phenotypic selection; Forward, regression by forward selection; Rstep, stepwise regression; GBLUP, genomic best linear unbiased
prediction; Ridge, ridge regression; InverseMP, regression by Moore-Penrose general inverse.
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model in which 1 and 2 were used to represent the two alleles
at each locus. At each locus, one parent has allele 1 and other
parent has allele 2. The breeding strategy to generate the

training population was defined in the *.QMP file (Fig. 2, Table
S1). In the crossing block (CB), a single cross was made
between the two inbred parents to generate 10 F1 individuals.

P1 P2×

F1

F2

F2:3

C0

C1

C2

C3

C4

Plan�ng, selec�on, and harvest details

One single cross was made between two inbred parents.

10 F1 individuals were planted and their selfed seeds were harvested in bulk.

500 F2 individuals were planted and genotyped. Selfed seed were harvested individually. 

500 F2:3 families, each of plot size of 10 were planted and phenotyped. 10% of top 
families were selected. Selfed seed per selected family were harvested in bulk.

50 F2:3 selected families were randomly mated to generate the base popula�on for 
recurrent selec�on. 

500 individuals were grown and top 10% were selected by different selec�on methods. 
The 50 selected individuals were randomly mated to generate seed for next cycle.

500 individuals were grown and top 10% were selected by different selec�on methods. 
The 50 selected individuals were randomly mated to generate seed for next cycle.

500 individuals were grown and top 10% were selected by different selec�on methods. 
The 50 selected individuals were randomly mated to generate seed for next cycle.

500 individuals were grown and top 10% were selected by different selec�on methods. 
The 50 selected individuals were randomly mated to generate seed for next cycle.

500 individuals were grown and top 10% were selected by different selec�on methods. 
The 50 selected individuals were randomly mated to generate seed for next cycle. C15

Genotyping each individual 

Phenotyping each individual 

Build GP 
model

Outpu�ng and comparison 

Outpu�ng and comparison 

Outpu�ng and comparison 

Outpu�ng and comparison 

Outpu�ng and comparison 

Outpu�ng and comparison 

RM

RM

RM

RM

RM

Fig. 2 – Flowchart of the selection methods to be simulated and compared: phenotypic, marker-assisted and genomic
selections. A single cross was made between two inbred parents to generate 10 F1 individuals. From the F1 generation, 500 F2
individuals were acquired, planted, and genotyped. In the next generation, 500 F2:3 families were planted and phenotyped. At
each cycle (C) of recurrent selection, the top 10% (50 individuals) families were selected by different methods (Table 1),
randomly mated (RM) and grown to serve as the next generation. This procedure continues for 15 cycles. GP represents
genotype-to-phenotype; RM represents random mating; P represents parent; and C represents recurrent selection cycle.
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F1 individuals and their selfed seeds were harvested in bulk. In
the next generation, 500 F2 individuals were planted and
genotyped; and the selfed seed was harvested individually to
produce the next generation. The 500 F2:3 families were planted
and phenotyped. The top 10% F2:3 families were selected based
on their phenotypic performance for the trait of interest as
defined in the *.QUG file and harvested in bulk. The 50 selected
F2:3 families were grown and randomly mated to generate the
base population for recurrent selection (Fig. 2, Table S1). During
recurrent selection, the top 10% of individuals were selected by
different methods (i.e., PS, MARS, and GS). The selected 50
individuals were randomly mated to generate seed for the next
cycle of recurrent selection (Fig. 2, Table S1). The recurrent
selection continued for a total of 15 cycles.

2.5. Genotype-to-phenotype prediction models implemented in
QuMARS

A total of six linear regression or genotype-to-phenotype (GP)
prediction models were implemented in QuMARS. Three GP
models were implemented for MARS including stepwise
regression (Rstep), regression by forward selection (Forward),
and regression by backward selection. These models relied on
ad hoc tests for significant markers. Regression by backward
selection was excluded from the present simulation due to
poor prediction ability in our simulation experiments. Three
GP models were implemented for GS including genomic best
linear unbiased predictor (GBLUP), ridge regression (Ridge),
and regression by the Moore-Penrose general inverse
(InverseMP), which considered all markers in the prediction
model. For Ridge, the shrinkage penalty of lambda for the
tuning factor was set at 0.001 to avoid the exclusion of QTL
with small effects. For Rstep, the probabilities of entering (PIN)
and removing markers were set at a common level of 0.05 and
0.10, respectively. For InverseMP, a score of 0.99 was used, so
that the majority of genetic variation was included in the
prediction model.

2.6. Design and outcomes of the simulation experiment

The three genetic models previously described were built into
three input files (*.QUG; Fig. 1). The QU-GENE engine ran on
each input file and produced two output files, one with the
required information to define the GE system (*.GES) and the
other with the required information to define the parental
population (*.POP). The GE systems had a single environment
type, three levels of QTL per chromosome, three levels of
heritability, and two levels of epistasis. One reference
population comprised of 100 homozygous individuals with a
gene frequency of 0.5 for all loci was used to convert the
specified level of heritability into error variance, which was
subsequently used to assign the random effect associated
with the phenotypic value of a given individual during
simulation. Five GPmethods were considered; Rstep, Forward,
GBLUP, Ridge, and InverseMP. For comparison, PS was also
included as a control method. A total of six selection methods
were defined in one single QuMARS input file (*.QMP). Each
selection method was replicated for 15 cycles and 50
replications. Each replication differed in QTL effects, geno-
types sampled, and phenotypic values.

Three of the QuMARS outcomes were used in this study:
adjusted genetic value (*.FIT), genetic variance component
(*.VAR), and Hamming distance (*.HAM). Adjusted genetic value
(also called fitness or population mean; Fad) was defined as:

Fad ¼ F−TGlð Þ= TGh−TGlð Þ � 100 ð2Þ

where F was fitness of the breeding population before or after
selection, and TGl and TGh were the lowest and highest
genotypic values, respectively, defined by the GE system. When
selection methods are compared under different GE systems,
different scales make it difficult to compare genetic values.
Adjusted fitness overcomes this problem. Variance components
(i.e., total genetic variance and additive variance) in the *.VAR
output file were estimated using the North Carolina Design II
(NCII). In NCII, both half-sib and full-sib familieswere generated.
The variance between half-sib families was equal to 1

4
VA and the

variance between full-sib families was equal to 1
2
VA þ 1

4
VD, where

VA is additive variance and VD indicates non-additive variance.
Therefore, additive andnon-additive variances can be estimated
from the two variances of half-sib and full-sib families [30].
Hamming distance is the number of unfavourable alleles that
are needed to be replaced with favourable alleles to achieve the
target genotype [18,29]. A smaller value in Hamming distance
means the breeding population is closer to the highest genotypic
value. In this study, the average values of the three outcomes
were calculated from 50 replications and used to compare
different selection methods. Student’s t-test was used to
estimate the significance of the difference of two means.

3. Results

3.1. Selection responses from PS, MARS and GS under the
additive model

Under the ADD model, GBLUP-based GS consistently resulted
in higher adjusted genetic values (abbreviated as genetic
value or population mean hereafter) than Rstep, Forward, and
PS, especially in early recurrent selection cycles (i.e., cycles
1–5) across different numbers of QTL per chromosome and
heritability levels (Fig. 3). As expected, high levels of herita-
bility, i.e. H2 = 0.8, resulted in a higher population mean
regardless of number of QTL per chromosome and selection
method (Fig. 3 row-wise). For example, when there was one
QTL per chromosome, the population mean from GBLUP
increased from 2.3 to 8.5% (P < 0.01) when the heritability
level increased from 0.1 to 0.8 across 1–15 recurrent cycles
(Fig. 3a, c). For each heritability level, changes in number of
QTL per chromosome had a big impact on the population
mean (Fig. 3 column-wise) and on the number of cycles to
reach the selection plateau. For example, for a heritability
level of 0.8 and GBLUP, the population mean decreased by
9.4%–21.9% (P < 0.001) when the number of QTL per chromo-
some increased from 1 to 5, across 1–15 recurrent cycles (Fig.
3). In addition, three, four, and more than 15 cycles were
needed to reach the selection plateau for 1, 2, and 5 QTL per
chromosome, respectively (Fig. 3c, f, and i).

In contrast to the population mean, Hamming distance
wasmore affected by the number QTL per chromosome rather
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than the level of heritability for each selection method (Fig.
S1). As for population mean, higher levels of heritability
resulted in faster achievement of the target genotype, i.e.,
lower value of Hamming distance, regardless of the number of
QTL per chromosome (Fig. S1 row-wise). Under low to
moderate levels of heritability, most of the selection methods
(except Ridge and InverseMP) were effective in achieving the
target genotype in early cycles (Fig. S1 column-wise). As
mentioned previously, greater numbers of QTL per chromo-
some needed more breeding cycles to achieve the target
genotype, which was also confirmed by the results based on
Hamming distance. PS took more breeding cycles to reach the
minimum Hamming distance as compared with GBLUP and
MARS (Fig. S1), indicating that PS may have some advantages
in achieving long-term breeding objectives.

Selection of superior genotypes at each recurrent cycle
resulted in decreases in additive variance (Fig. 4) and total
genetic variance (Fig. S2) for both short and long terms. For
example, the high heritability level (0.8) resulted in the fastest
decrease in total genetic variance for all cycles and selection
methods regardless of number of QTL per chromosome (Fig.
S2 row-wise). Similarly, the additive variance was also
decreased for all selection methods except for PS, InverseMP,
and Rstep at cycle 1 (Fig. 4a, d).

3.2. Selection responses from PS, MARS and GS under
epistasis models

Under the EP1 model, PS consistently resulted in a higher
populationmean than that fromGBLUP andMARS regardless of
number of QTL per chromosome, heritability level, and selec-
tion cycles, except for cycle 1 (Fig. 5). For example, when there
were 5 QTL per chromosome and the level of heritability was
0.8, the population mean from PS significantly increased
(P < 0.001) from 7.8 to 50% in 1–15 recurrent cycles. Furthermore,
at cycle 1 when therewere 2 QTL per chromosome and the level
of heritability was 0.1, the population mean increased by 0.4%
(P < 0.001) for GBLUP, whereas population mean significantly
decreased (P < 0.001) by 0.4, 1.4, 2.1 and 4.9% for Ridge, Forward,
Rstep and InverseMP, respectively, as compared with PS (Fig.
5a). In addition, for a heritability level of 0.1, when the number
of QTL per chromosome increased from 2 to 5, the population
mean significantly decreased (P < 0.05) from4.9% to 21.6% for PS,
8.7% to 20.0% for GBLUP, and 6.9% to 11.7% for Rstep in
1–15 cycles (Fig. 5, row-wise). However, a minor difference in
population mean was observed between GS and MARS, except
for cycle 1 (Fig. 5).

Hamming distance under the EP1model wasmore affected
by the number of QTL per chromosome and heritability level

Fig. 3 – Average population means over 50 replications for 15 cycles of recurrent selection and six methods for the additive
(ADD) model for three levels of heritability (0.1, 0.4 and 0.8, column-wise) and three values of QTL per chromosome (1, 2 and 5,
row-wise).
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than when using the ADD model (Fig. S3), indicating that the
target genotype was more difficult to achieve even after
15 cycles of selection, especially when using GS and MARS
(Fig. S3). For 2 QTL per chromosome, the Hamming distance
was more favorable when PS was used versus GS and MARS
(Fig. S3a, b, c), but no advantage was observed for 5 QTL per
chromosome (Fig. S3d, e, f). In contrast, the total genetic
variance was higher for MARS (Ridge, Rstep, and Forward) for
early cycles, except when the heritability level was 0.4 and 5
QTL were located on each chromosome (Fig. S4). For a
heritability level of 0.8, a rapid decrease in total genetic
variance was observed for PS in early cycles regardless of the
number of QTL per chromosome (Fig. S4c, d, e, f). Low to
moderate levels of heritability resulted in a decrease in total
genetic variance for PS and InverseMP regardless of the
number of QTL per chromosome. For 2 QTL per chromosome,
additive variance increased in the early cycles and started
decreasing in later cycles except for Ridge, for the three
different heritability levels (Fig. 6a, b, c). For 5 QTL per
chromosome, additive variance increased for all selection
methods in the early cycles (Fig. 6d, e, f).

2Major results from the EP2model (Figs.S5, S6, S7, S8) were
similar to those observed from EP1 (Figs. 5, 6; Figs. S3, S4), but
differences were also observed. When the heritability level

was moderate to high, and 2 QTL per chromosome were
assumed, the EP2 model resulted in a higher population
mean as compared with the EP1 model for all selection
methods, except for cycle 0 and high heritability levels (Figs.
5, S5). Hamming distance results confirmed that the EP2
model resulted in higher genetic values under low to
moderate levels of heritability and reached the target
genotype faster than the EP1 model when 2 QTL per
chromosomes were considered (Figs. S3, S6). PS resulted in
higher a Hamming distance for EP2 as compared with EP1,
except for cycle 1 (Figs. S3, S6). Total genetic variance at cycle
0 showed differences between the two epistasis models (Figs.
S4, S7), for all the numbers of QTL per chromosome and levels
of heritability. Similarly, results from additive variance also
indicated that EP1 and EP2 models differed greatly from each
other at cycle 0.

4. Discussion

4.1. Factors affecting genetic gains in simulation

A major task for plant breeding is to improve the population
mean and increase genetic gain. These parameters are

Fig. 4 – Average additive variances over 50 replications for 15 cycles of recurrent selection and six methods for the additive
model (ADD) for three levels of heritability (0.1, 0.4, and 0.8, column-wise) and three values of QTL per chromosome (1, 2, and 5,
row-wise).
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influenced by population type and size, mating system,
genetic architecture, heritability of the trait of interest, and
>selection methods, such as PS, MARS and GS [12,13,31,32].
Previous reports indicated that complex genetic architecture
(including number of QTL per chromosome, QTL effects, inter-
and intra-locus gene interactions, pleiotropy, coupling, and
repulsion linkage phases) of breeding targeted traits influ-
enced phenotypic variation and selection response [16].
Present simulations revealed that the population mean
decreased as the number of QTL per chromosome increased
for all selection methods used in the simulation. In addition,
improvement of the population mean for the polygenic trait
required more recurrent cycles to reach the selection plateau
than for a simple trait. Heritability is another important factor
that influences the population mean. Population means from
all selection methods increased as the level of heritability
increased, regardless of the number of QTL per chromosome,
in accordance with previous simulation studies [12,33]. Under
the ADD model, GS resulted in a higher population mean
compared with MARS and PS in early cycles (Fig. 3a, d, g),
suggesting that GS is more efficient, particularly for complex
traits with low levels of heritability [12]. In another simulation
study, Muleta et al. [34] used the AlphaSimR package to
compare genetic gains from genomic-assisted recurrent

selection and phenotypic recurrent selection. Simulation
results indicated that genomic-assisted recurrent selection
caused an increase in the genetic gain when breeding
polygenic traits with low levels of heritability, regardless of
population size. Further, Muleta et al. [34] discussed that
higher genetic gain in early cycles may be due to concomitant
changes in the genetic architecture of the trait under selection
because short- and long-term recurrent cycles are expected to
segregate large and small effect loci, respectively. In contrast,
the poor performance of PS for low levels of heritability was
due to large random errors (environmental noise) associated
with phenotype (Fig. 3a, d, g). This problem could be
addressed by using GS and MARS (Fig. 3g). Hamming distance
results provided further evidence that GS and MARS could
reach the highest genotypic value faster than PS when the
level of heritability is low (Fig. S1).

Messina et al. [35] have demonstrated that drought
resistance in crops could be improved if epistasis was
captured by the GP models. In this study, as expected, the
presence of QTL interactions (EP1 and EP2) underlying the
genetics of traits significantly affected the population mean,
particularly for marker-based selection methods. This is
because epistatic effects were ignored in prediction models
for both GS and MARS, which led to a considerable loss in

Fig. 5 – Average population means over 50 replications for 15 cycles of recurrent selection and six methods for the epistasis
network of QTL located on different chromosomes (EP1, Table 1) for three levels of heritability (0.1, 0.4, and 0.8, column-wise)
and three values of QTL per chromosome (1, 2, and 5, row-wise).
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response to selection [36]. Exclusion of epistasis effects in
prediction models is a limitation of the current version of
QuMARS software. We are working on considering epistatic
effects and including more advanced prediction models
based on the Bayesian algorithm, machine learning, and
deep learning in the next version of QuMARS.

4.2. Enhancing total genetic and additive variances for
improving traits through modeling

The efficiency of a selection method can be quantified by
genetic variance and additive variance components in the
breeding population. The results from the ADD model
confirmed that selection of superior individuals in each
recurrent cycle increased the population mean at the loss of
genetic and additive variance, across all variations in number
of QTL per chromosome and levels of heritability (Figs. 4, S2).
The loss of variance was due to directional selection of
individuals [37], which ultimately fixed favourable alleles
[37,38]. More recently, Muleta et al. [34] conducted a simula-
tion experiment using AlphaSimR and found that the decline
in total genetic variance for phenotypic recurrent selection
and genomic-assisted recurrent selection was faster in early
selection years than that from later selection years,

irrespective of genetic architecture, level of heritability of the
trait, and population size, which is also in agreement with the
results of this study (Fig. S2). Under the ADD model, increased
additive variance was observed in cycle 1 for PS, Ridge and
InverseMP (Fig. 4a, c, d). This trend also was observed for
Hamming distance. In cycle 0, only two parents existed. The
population mean and additive variance from cycle 0 shown in
Figs. 3 and 4, etc., were only used as the starting point of
recurrent selection and may not be comparable with
corresponding parameter values after selection (i.e. cycles 1–15).

Presence of epistasis QTL in the genetic architecture
largely influenced total genetic and additive variances regard-
less of selection method [39], especially for low to moderate
levels of heritability [26]. Our results also confirmed that the
presence of epistasis underlying the genetics of polygenic
traits could increase or maintain additive genetic variance in
the breeding population, regardless of selection method (Figs.
6, S8) [40–43]. It was also hypothesized that GS has the
capability to deliver accurate predictions because the pres-
ence of epistatic QTL action could be converted into additive
variance, especially when the additive by additive interaction
is a major part of epistasis [40,44]. Results from the present
simulation provide some evidence to support such a hypoth-
esis (Figs. 6, S8).

Fig. 6 – Average additive variances over 50 replications for 15 cycles of recurrent selection and six methods for the epistasis
network of QTL located on different chromosomes (EP1, Table 1) for three levels of heritability (0.1, 0.4, and 0.8, column-wise)
and three values of QTL per chromosome (1, 2 and 5, row-wise).
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4.3. Comparison of PS with other selection methods

Under the ADD model, GBLUP, Forward and Rstep had a higher
population mean and slower decrease in genetic variance,
which indicated that GS andMARS favoured thepolygenic traits
(QTL number = 5) with low levels of heritability for short-term
selection (Fig. 3). In long-term selection, populationmeans from
PSwere lower or equal toGS andMARS, but additive and genetic
variance from PS was not the lowest.

GBLUP is useful for monogenic traits where a short-term
response can bemaximized (Fig. 3). In comparison, PSwasmore
responsive to selection under the epistasis models (Figs. 5, S5).
The lower response of marker-based selection under epistasis
was due to inconsistent marker effects and allele frequencies.
Furthermore, asmentioned previously, prediction models have
excluded epistatic effects for simplicity and computational
efficiency. However, in the future, if both additive and epistatic
effects can be fitted in prediction models, selection efficiency
from GS could be further improved.

4.4. Practical applications in breeding

Increasing response to selection (i.e., genetic gain) is the first
priority of any breeding program. Breeders rely on various
selectionmethods to enhance response to selection to improve
target traits. Simulation results presented in this study sug-
gested that understanding the genetic architecture of the
breeding traits of interest is extremely helpful to determine an
efficient breeding strategy. If the complex traits are controlled
by many additive QTL and with levels of low heritability (e.g.,
grain yield), GS would be more useful compared with PS and
MARS; if they are controlled not only by additive QTL but also by
inter- and -inter locus interactions, PS would be more useful
regardless of cost. A few of selection cycles (4–6) are enough to
achieve maximum response with modest population size (i.e.,
500 individuals reflect small breeding programs in developing
countries) for traits with low to moderate levels of heritability.
Genetic variance components of the traits of interest should be
taken into account to ensure enough genetic diversity for
subsequent recurrent cycles. This step is usually neglected in
practice. It is notable that there are various factors, such as
biotic and abiotic factors, available resources, population size,
selection intensity, etc., which may affect the overall response
to selection, regardless of the selection methods.

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.cj.2020.04.002.
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