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Abstract: Germplasm improvement is essential for maize breeding. Currently, intra-
heterotic-group crossing is the major method for germplasm improvement, while inter-
heterotic-group crossing is also used in breeding but not in a systematic way. In this study,
five inbred lines from four heterotic groups were used to develop a connected segregating
population through inter-heterotic-group line crossing (CSPIC), which comprised 5 sub-
populations with 535 doubled haploid (DH) lines and 15 related test-cross populations
including 1568 hybrids. Significant genetic variation was observed in most subpopulations,
with several DH populations exhibiting superior phenotypes regarding traits such as plant
height (PH), ear height (EH), days to anthesis (DTA), and days to silking (DTS). Notably,
10.8% of hybrids in the population POP5/C229 surpassed the high-yielding hybrid ND678
(CK). To reduce field planting costs and quickly screen for the best inter-heterotic-group
DH lines and test-cross hybrids, we assessed the accuracy of genomic selection (GS) for
within- and between-population predictions in the DH populations and the test-cross
populations. Within the DH or the hybrid population, the prediction accuracy varied across
populations and traits, with an average hybrid yield prediction accuracy of 0.41, reaching
0.54 in POP5/Z58. In the cross DH population predictions, the prediction accuracy of
the half-sib population exceeded that of the non-sib cross population prediction, with the
highest accuracy observed when the non-shared parents were from the same heterotic
group, and the average phenotypic prediction accuracies of POP3 predicting POP2 and
POP2 predicting POP3 were 0.54 and 0.45, respectively. In the cross hybrid population
predictions, the accuracy was highest when both the training and the test sets came from
the same DH populations, with an average accuracy of 0.43. The proportion of shared
polymorphisms with respect to SNPs between the training and the test sets (PSP) exhibited
a significant and strong correlation with the prediction accuracy of cross population pre-
diction. This study demonstrates the feasibility of creating new heterotic groups through
inter-heterotic-group crossing in germplasm improvement, and some cross population
prediction patterns exhibited excellent prediction accuracy.

Keywords: genomic selection; germplasm improvement; inter-heterotic-group; maize

1. Introduction
Maize (Zea mays L.) is a multi-purpose crop, serving various needs such as food,

feed, economic product, and energy needs. As the global population grows and living
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standards increase, the demand for maize continues to rise. Breeding high-yield maize
varieties has become a key solution to meet this increasing demand. Therefore, breeders
must continuously improve maize germplasms. DH and GS are two important techniques
for accelerating germplasm improvement. DH technology enables the rapid generation of
homozygous inbred lines, shortening the breeding timeline when compared to traditional
breeding methods [1]. The GS technique has been shown to enhance the rate of genetic
gain in both animals and plants [2]. The accuracy of GS has been evaluated in various
populations of maize [3–5], wheat [6,7], rice [8,9], barley [10,11], Arabidopsis [12], and forest
trees [13–15]. There are many factors that affect the accuracy of GS, including the heritability
of the target trait, the relationship between the training and the test populations, modeling
methods, population size, the proportions in both the training and the test sets, population
structure, and marker density. Highly inherited traits are phenotypically stable across
multiple environments due to them being controlled by a few major genes; therefore, they
have a high predictive accuracy and can achieve rapid selection responses [16,17]. The
composition of the training set based on the design of the test set can help to improve the
prediction accuracy [18–20]. Multiple models have been applied for genome prediction,
including ridge regression best linear unbiased prediction (RRBLUP) [21,22], genomic
best linear unbiased prediction (GBLUP) [23–26], Bayesian models [2,27–30], and machine
learning models [31–35]. A higher marker density can increase the proportion of the genetic
variation explained; however, once the number of markers reaches a certain threshold, the
prediction accuracy generally reaches a plateau [16,36]. By understanding the population
structure and optimizing the construction of the training set, the prediction accuracy can
be improved [37–39]. These studies mainly focused on the evaluation of factors affecting
the prediction accuracy of GS, and they have rarely evaluated the prediction accuracy
of the within- and between-population prediction accuracy in inter-heterotic-group DH
populations and the consequent test-cross populations.

Inter-heterotic-group-based convergent improvement is an effective method to create
new heterotic groups and breed high-yield hybrids. The parents of many maize varieties
are derived from the aggregation of different heterotic groups. B73 × Mo17 was the most
important single-cross hybrid in the United States during the 1970s and 1980s, with Mo17
consisting of 50% Lancaster and 50% Krug (Reid) [40]. In China, utilizing foreign hybrid
varieties as fundamental resources for selecting maize inbred lines is the primary approach
for innovating heterotic groups. For example, the P and X groups originated from the hybrid
varieties P78599 and XianYu335 [41]. Additionally, compared to other crops, maize tends
to display stronger heterosis [42]. It is crucial to create new heterotic groups and establish
new heterotic patterns through inter-heterotic-group crosses of DH lines [43]. To ensure
the establishment of a specific heterotic pattern following inter-heterotic-group crossing,
the triangular heterotic pattern serves as an effective model [44]. This is because the novel
heterotic group derived from the inter-heterotic-group aggregation of any two heterotic
groups exhibits a heterotic pattern in relation to the third heterotic group. However, there
are fewer studies that assess inter-heterotic-group crossing germplasm improvement by
genomic selection.

Therefore, we developed a connected segregating population through inter-heterotic-
group line crossing (CSPIC), comprising five subpopulations with 535 DH lines (Table S1,
Figure 1A). To accurately evaluate the inter-heterotic-group lines, we selected three elite
lines with a heterotic pattern related to the parents of the DH populations as testers and
created fifteen test-cross populations, including 1568 hybrids. Among the DH population
parents and the testers, a triangular relationship was settled, with the parents of the DH
populations and the testers derived from three heterotic groups (Figure 1B). There are many
types of population relationships in both DH and hybrid populations. Our study focused
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on the following key aspects related to combining DH rapid breeding technology and
GS technology: (1) the genetic and phenotypic distributions of inter-heterotic-group DH
lines and test-cross hybrids; (2) the elite line improvement effect through inter-heterotic-
group line crossing; (3) the prediction accuracy of different types of DH cross populations
(full-sib, half-sib, and unrelated); (4) the prediction accuracy of different types of hybrid
cross populations (In_Group, Same_DH, Same_Tester, Tri_Group, M0, M1, M2); and (5) the
influence of the genotype relationship index on the accuracy of cross population predictions
for both the DH and the hybrid populations.
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Figure 1. The heterotic group types of materials and the triangle pattern and prediction type of
hybrids: (A) parental heterotic group and the connected pedigree of the core DH populations; (B) the
triangular pattern of test-crosses for each DH hybrid population. The parents and testers belonged to
three independent heterotic groups, thus forming a triangular heterotic pattern; (C) examples of cross
hybrid population prediction types: (1) predictions within populations (In_Group); (2) predictions
between different testers with the same DH populations (Same_DH); (3) predictions between different
DH populations with the same testers (Same_Tester); (4) predictions within the “triangular” heterotic
groups (DH parents and testers in the training and test sets sharing three identical heterotic groups,
“Tri_Group”); (5–7) in addition to the above types, there were 0–2 shared inbred lines between the
training and the test sets of the DH parents and testers (M0, M1, and M2, respectively).
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2. Results
2.1. Genotyping and Population Structure Analysis

To capture a broad range of genetic variation, we re-sequenced the DH populations,
their parents, and the testers. A total of 108,898 SNPs were retained after quality control,
and genotypes of the hybrids were synthesized through the DH lines and the testers. To
investigate the genetic relationships within and between populations, principal component
analysis (PCA) was performed on the DH and the hybrid populations using the filtered
SNPs. The first two principal components of the DH and the hybrid populations explained
28.8% and 38.3% of the genetic variation, respectively.

In the PCA scatter plot of the DH populations, the genetic distances between the
parents of the DH populations were quite large, except for the distance between C783 and
EH, which belonged to different heterotic groups. In the five DH populations, only POP2
and POP3 overlapped significantly in terms of DH lines, with POP2 covering the main
region of POP3. In contrast, among the other half-sibling DH populations, there was little
overlap of DH lines on the PCA scatter plots (Figure 2A). The PCA scatter plot for the
hybrid populations were divided into four regions. The first region included the hybrid
populations of the POP1–POP4 test-crossed with C116A, which were clustered together
due to the common tester C116A; the second region consisted of the hybrid populations of
POP1 and POP4 crossed with J2416, which were adjacent to each other due to the common
tester J2416; and the third region included POP5 test-crossed with three testers, which were
clustered together due to the close genetic relationship between the three testers (i.e., C229,
C2404, and Z58). The remaining hybrid populations were grouped together with their DH
parents and the testers from the three divergent heterotic groups (X group, Improved Reid
group, and Early-maturity germplasm) (Figures 1B and 2B). There was substantial genetic
variation in both the DH and the hybrid populations, with distinct patterns of aggregation
observed in the hybrid populations.

Int. J. Mol. Sci. 2025, 26, x FOR PEER REVIEW 4 of 23 
 

 

heterotic groups, “Tri_Group”); (5–7) in addition to the above types, there were 0–2 shared inbred 

lines between the training and the test sets of the DH parents and testers (M0, M1, and M2, respec-

tively). 

2. Results 

2.1. Genotyping and Population Structure Analysis 

To capture a broad range of genetic variation, we re-sequenced the DH populations, 

their parents, and the testers. A total of 108,898 SNPs were retained after quality control, 

and genotypes of the hybrids were synthesized through the DH lines and the testers. To 

investigate the genetic relationships within and between populations, principal compo-

nent analysis (PCA) was performed on the DH and the hybrid populations using the fil-

tered SNPs. The first two principal components of the DH and the hybrid populations 

explained 28.8% and 38.3% of the genetic variation, respectively. 

In the PCA scatter plot of the DH populations, the genetic distances between the par-

ents of the DH populations were quite large, except for the distance between C783 and 

EH, which belonged to different heterotic groups. In the five DH populations, only POP2 

and POP3 overlapped significantly in terms of DH lines, with POP2 covering the main 

region of POP3. In contrast, among the other half-sibling DH populations, there was little 

overlap of DH lines on the PCA scatter plots (Figure 2A). The PCA scatter plot for the 

hybrid populations were divided into four regions. The first region included the hybrid 

populations of the POP1–POP4 test-crossed with C116A, which were clustered together 

due to the common tester C116A; the second region consisted of the hybrid populations 

of POP1 and POP4 crossed with J2416, which were adjacent to each other due to the com-

mon tester J2416; and the third region included POP5 test-crossed with three testers, 

which were clustered together due to the close genetic relationship between the three test-

ers (i.e., C229, C2404, and Z58). The remaining hybrid populations were grouped together 

with their DH parents and the testers from the three divergent heterotic groups (X group, 

Improved Reid group, and Early-maturity germplasm) (Figures 1B and 2B). There was 

substantial genetic variation in both the DH and the hybrid populations, with distinct 

patterns of aggregation observed in the hybrid populations. 

 

Figure 2. Genetic structures of the DH lines and the hybrid panels: (A) the principal component 

analysis for the DH panels; (B) the principal component analysis for the hybrid panels. The materials 

labeled in plot (A) represent the parents of the DH populations and the testers. In plot (B), the same 

testers share much the same colors. 

  

Figure 2. Genetic structures of the DH lines and the hybrid panels: (A) the principal component
analysis for the DH panels; (B) the principal component analysis for the hybrid panels. The materials
labeled in plot (A) represent the parents of the DH populations and the testers. In plot (B), the same
testers share much the same colors.

2.2. Basic Analysis of Phenotype and Effect of Cross Heterotic Group Fusion

To investigate the impact of inter-heterotic-group fusion on trait phenotypes, we
recorded DTA, DTS, PH, and EH for both the DH and hybrid populations and grain
yield for the hybrid populations across multiple sites. Trait heritability and coefficients
of variation were calculated for the phenotypes of the DH and their hybrid populations
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(Table S1). The results revealed that the phenotypic coefficients of variation were high in
both the DH and hybrid populations, with the DH populations exhibiting greater variation
than the test-cross populations. The coefficients of variation for yield ranged from 6.6% to
10.5% in the hybrid populations. In both the DH and the hybrid populations, the heritability
of traits ranged from 0.64 to 0.96. The heritability of PH and EH was higher than that
of DTA, DTS, and yield, with the heritability of yield ranging from 0.66 to 0.82. Upon
observing the phenotypic distribution for each DH and hybrid population, we noted that
DTA and DTS for POP1–4 were earlier than those for POP5 (Figure S1A,B). For PH and
EH, the overall distribution of POP4 was low, consistent with the performance of the
population founders (Figure S1C,D). All traits in the DH populations displayed super-
parental inheritance. In particular, the DTS for POP5 showed a coefficient of variation
of 6.3%. Although the phenotype of C116A was identical to that of C783, the progeny
population exhibited substantial phenotypic variation, indicating that inter-heterotic-group
fusion broadened the genetic variation (Figure S1).

The phenotypic distribution of the hybrid yield suggests that C229 exhibited strong
general combining ability for yield, with earlier DTA and DTS, while PH and EH were
shorter in POP2, POP3, and POP5 (Figures 3A and S1). In addition, a comparison of yield
with the check indicated that inter-heterotic-group fusion is a viable strategy. There were
many hybrids observed that surpassed the CK varieties DH605 and ZD958 in all 15 hybrid
populations (Figure 3B). The POP5 population, produced through the aggregation of the
X group and the SiPingTou germplasm, when tested with respect to the Improved Reid
group, showed the highest number of superior hybrids over the check (Figure 3B). Notably,
in the POP5/C229 population, 10.8% of the hybrids exceeded the yield of the high-yielding
CK, ND678. Substantial genetic variation was observed from the inter-heterotic-group
fusion, allowing for the selection of superior hybrids.
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Figure 3. Yield distribution and proportion of hybrids exceeding the check in the hybrid populations:
(A) yield distribution of the hybrid populations; (B) proportion of hybrids in the population exceeding
the CK yield.

2.3. Predicted Accuracy in DH and Hybrid Populations Using Different Models

The predictive accuracies of two machine learning methods and three linear models
for traits were compared and analyzed in the inter-heterotic-group DH and test-cross
populations. Under the four scenarios, BayesB, RKHS, and RRBLUP outperformed both
SVM and RF in predicting PH and EH. The performance of each model varied across the
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four scenarios for predicting DTA and DTS. Within the DH populations, SVM showed
higher accuracy than RRBLUP in predicting DTS, with an accuracy of 0.49. In the DH cross
population prediction, SVM achieved the highest accuracy (of 0.21) for both DTA and DTS.
Within the hybrid populations, BayesB, RKHS, and RRBLUP outperformed both SVM and
RF in predicting DTA and DTS. In the hybrid cross population prediction, RF and RRBLUP
exhibited the same predictive accuracy, which was lower than BayesB and RKHS for DTA.
However, for DTS, RF demonstrated the same predictive accuracy as RKHS, outperforming
RRBLUP and SVM while underperforming BayesB. Overall, BayesB and RKHS—with an
accuracy of 0.44—outperformed SVM, RF, and RRBLUP in terms of prediction accuracy
across all four scenarios (Table 1). Additionally, the RKHS model is more computationally
efficient than BayesB, making it the preferred choice for subsequent analyses.

Table 1. Mean prediction accuracy for each model across different traits in four scenarios.

Prediction Scenario Trait RKHS BayesB RRBLUP SVM RF

Prediction within
DH populations

DTA 0.52 0.54 0.51 0.49 0.44
DTS 0.51 0.49 0.47 0.49 0.44
EH 0.69 0.69 0.69 0.59 0.56
PH 0.68 0.68 0.67 0.57 0.56

Average 0.60 0.60 0.58 0.53 0.50

Prediction within
hybrid populations

DTA 0.51 0.51 0.50 0.47 0.48
DTS 0.48 0.48 0.48 0.45 0.47
EH 0.66 0.66 0.65 0.56 0.56
PH 0.69 0.69 0.70 0.56 0.58

Yield 0.41 0.41 0.39 0.35 0.36
Average 0.56 0.56 0.56 0.48 0.49

Cross population
prediction of DH

DTA 0.19 0.19 0.19 0.21 0.18
DTS 0.20 0.20 0.20 0.21 0.20
EH 0.36 0.36 0.36 0.29 0.28
PH 0.41 0.39 0.41 0.35 0.33

Average 0.29 0.28 0.29 0.27 0.25

Cross population
prediction of hybrid

DTA 0.23 0.23 0.22 0.21 0.22
DTS 0.21 0.22 0.20 0.20 0.21
EH 0.37 0.37 0.36 0.31 0.32
PH 0.45 0.43 0.45 0.38 0.39

Yield 0.23 0.24 0.21 0.22 0.22
Average 0.32 0.31 0.31 0.28 0.28

Overall mean 0.44 0.44 0.43 0.39 0.38

2.4. Prediction Accuracy of DH and Hybrid Within Populations for Different Traits

To evaluate the impacts of populations and traits on the prediction accuracy of inter-
heterotic-group DH and test-cross populations, we performed within-population prediction,
as illustrated in Figure 4. In the five inter-heterotic-group DH populations, PH and EH
exhibit higher prediction accuracy than DTA and DTS, with the prediction accuracies
exceeding 0.5 for both PH and EH. POP2 exhibited the highest prediction accuracy for DTA
and DTS, reaching 0.63 and 0.59, respectively. In contrast, the prediction accuracies for DTA
in POP3 and POP5 were the lowest (at 0.40), while the lowest prediction accuracy for DTS
occurred in POP3 (at 0.41). POP5 achieved the highest prediction accuracy for PH and EH,
with values of 0.77 and 0.78, respectively. In contrast, the lowest prediction accuracy for
POP3 was 0.55 for both PH and EH (Figure 4A). There were also differences in the prediction
accuracy of the hybrid populations across different traits. For the trait DTA, the accuracy
across the 15 populations ranged from 0.34 to 0.67, with POP2/Z58 and POP1/J2416
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exhibiting the highest prediction accuracy. For the DTS prediction, the accuracy ranged
from 0.21 to 0.69, with POP1/J2416 showing the highest accuracy. For the EH prediction, the
accuracy varied from 0.51 to 0.80, with POP5/Z58 and POP5/C2404 achieving the highest
accuracy. For the PH prediction, POP2/Z58 and POP5/C229 had the highest prediction
accuracy, ranging from 0.62 to 0.79. Regarding yield, the prediction accuracy within each
of the 15 populations ranged from 0.08 to 0.54, with POP5/Z58 exhibiting the highest
accuracy among all the hybrid populations (Figure 4B). The prediction accuracy varied
across different populations and traits, but all populations achieved prediction accuracies
higher than 0.5 for PH and EH.
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Figure 4. Prediction accuracy of each trait within DH and hybrid populations: (A) prediction accuracy
of DH populations for different traits; (B) prediction accuracy of hybrid populations for different
traits. The traits included days to anthesis (DTA), days to silking (DTS), ear height (EH), plant height
(PH), and yield.

2.5. Prediction Accuracy of Cross DH Populations

Through observing the prediction accuracy for different phenotypes and combinations
in the inter-heterotic-group DH populations, we found that the prediction accuracies of PH
and EH in the cross DH populations were generally higher than those for DTA and DTS
(except for the pairs POP4_POP5, POP2_POP4, POP4_POP2, and POP3_POP2). The average
prediction accuracies across all phenotypes for half-sibs were between those of full-sibs and
non-sibs, except for POP4_POP2 and POP3_POP2. POP2 and POP3, which belonged to
the same heterotic pattern, exhibited the highest mutual prediction accuracy, with average
phenotypic prediction accuracies of 0.54 and 0.45, respectively, ranking first and third in
terms of the DH cross population prediction accuracy. In the half-sib populations, POP1
and POP2 exhibited the lowest mutual prediction accuracy, while the prediction accuracy
between the two unrelated populations—namely, POP5 and POP4—was the lowest. In this
experiment, the between-population prediction accuracy of half-sibs varied depending on
the different parents. The prediction accuracy for half-sibs of UH306 was higher than that
of C229, while C229 outperformed C783. Although an unrelated population relationship
existed between POP4 and POP3, both EH and UH306 shared the same heterotic group.
Despite this, the average prediction accuracy for all traits in both populations was 0.35.
Consequently, the mutual prediction accuracy between POP4 and POP3 was higher than
the average when compared to the half-sib predictions involving C783 (Figure 5). The cross
population prediction accuracy was more favorable when the no-shared parents of half-sibs
belonged to the same heterotic group.
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and plant height (PH).

2.6. Prediction Accuracy and Classification of Cross Hybrid Populations

We examined the accuracy of cross population predictions for hybrids and found that
the radar plot revealed a generally higher prediction accuracy when different testers were
combined with the same DH population (Figure S2), and the mean prediction accuracies for
DTA, DTS, EH, PH, and yield were 0.56, 0.55, 0.70, 0.74, and 0.43, respectively (Figure 6). In
other types of cross population prediction, the POP3/Z58 population exhibited the highest
prediction accuracy when predicting POP2/C116A, with prediction accuracies for DTA,
DTS, EH, PH, and yield of 0.46, 0.49, 0.56, 0.64, and 0.35, respectively. Additionally, the
prediction accuracy between non-common DH populations for some hybrids was also
relatively high, particularly in the mutual predictions between POP2- and POP3-matched
hybrids. The mean prediction accuracy for POP3-matched hybrids predicting DTA, DTS,
EH, PH, and yield for POP2-matched hybrids was 0.37, 0.36, 0.50, 0.62, and 0.34, respectively.
Conversely, the prediction accuracy for POP2-matched hybrids predicting POP3-matched
hybrids for DTA, DTS, EH, PH, and yield were 0.29, 0.26, 0.46, 0.55, and 0.32, respectively.
The second-highest accuracy was observed in the mutual predictions between POP4- and
POP2-matched hybrids.

Therefore, we classified the predictions among hybrid populations into seven cate-
gories based on the parents of the DH populations and testers, including the following:
(1) predictions within the populations (In_Group); (2) predictions between different testers
within the same DH populations (Same_DH); (3) predictions between different DH popu-
lations within the same testers (Same_Tester); and (4) predictions within the “triangular”
heterotic groups (DH parents and testers in the training and test sets sharing three iden-
tical heterotic groups “Tri_Group”); and (5–7) in addition to the above types, there were
0–2 shared inbred lines between the training and the test sets of the DH parents and the
testers (M0, M1, M2) (Figure 1C). In terms of PH, EH, DTA, and DTS, Figure 6 shows that
the prediction accuracy within populations and cross hybrid populations of Same_DH was
higher than that of cross population predictions involving Same_Tester or Tri_Group. Fur-
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thermore, the accuracy of cross population predictions involving Same_Tester or Tri_Group
was generally higher than or similar to those of M0, M1, and M2. In the prediction of yield,
the prediction accuracy for Same_DH was higher than that for Same_Tester and better than
that for the other types of populations. Overall, the cross population prediction pattern of
Same_DH is feasible.
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Figure 6. Prediction accuracy of cross hybrid population for different categories: (1) predictions
within the populations (In_Group); (2) predictions between different testers within the same DH
populations (Same_DH); (3) predictions between different DH populations within the same testers
(Same_Tester); (4) predictions within the “triangular” heterotic groups (DH parents and testers in the
training and test sets sharing three identical heterotic groups, “Tri_Group”); and (5–7) in addition to
the above types, there were 0–2 shared inbred lines between the training and the test sets of the DH
parents and testers (M0, M1, and M2, respectively).

2.7. Relationship Between Prediction Accuracy and Genotypic Character of Cross DH or Cross
Hybrid Populations

To investigate whether the genotypic relationship is associated with the cross popu-
lation prediction, we examined the genotypic indices between populations and found a
strong correlation between the prediction accuracy of cross DH populations and the Nei,
IBS, Fst, and PSP (the proportion of shared polymorphisms of SNPs between the training
and the test sets) indices, with absolute correlation coefficients ranging from 0.55 to 0.86,
all of which were statistically significant (Figure 7A). The prediction accuracy for the cross
hybrid populations was strongly correlated only with the PSP index, with correlation coeffi-
cients ranging from 0.56 to 0.78 (Figure 7B). Regarding the prediction accuracy for the cross
DH populations, there was a single correlation coefficient while, for the hybrid populations,
there were nine distinct correlation coefficients corresponding to each DH population. We
first calculated the mean prediction accuracy across the nine hybrid populations and then
assessed the correlations in the prediction accuracy between the DH populations and their
corresponding hybrid populations. The results showed a strong correlation between the
prediction accuracy of the DH populations and their corresponding hybrid populations
for different phenotypes, with correlation coefficients ranging from 0.87 to 0.96, all of
which were highly significant (Figure 7C). The cross population prediction accuracy was
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correlated with cross population genotypic relationships, and a significant correlation was
observed between the DH and the hybrid populations.
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3. Discussion
The creation of inter-heterotic-group DH populations is an important method for

heterotic group innovation. The integration of DH and genomic selection (GS) techniques
in these populations can significantly accelerate the selection process. In this study, we
utilized elite inbred lines from four heterotic groups to generate a connected segregating
population through inter-heterotic-group line crossing (CSPIC). We then examined whether
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the improvement of inter-heterotic-group DH lines was effective, as well as the prediction
accuracy both within- and between- DH and hybrid populations.

3.1. Superior Hybrids Can Be Produced Through Inter-Heterotic-Group Crossing

Elite line improvement typically involves selfing progeny from a cross between two in-
breds coming from same heterotic group, that is, intra-heterotic-group crossing. These
inbreds are subsequently evaluated for their yield performance when test-crossed with an
inbred from a different heterotic group [43,45]. However, through inter-heterotic-group
crossing—a potential method for the creation of new heterotic groups—we used five
elite lines from four heterotic groups to create five new inter-heterotic-group populations.
Those DH populations exhibited distinct super-parental phenotypes, indicating that inter-
heterotic-group germplasm fusion can generate abundant genetic variation. For example,
the DTS phenotype of POP5 ranged from 60.6 to 74.6 days, while both parents had a
DTS phenotype of 68 days. In addition, Bernardo has shown that the breeding of inbreds
between heterotic groups depended mainly on the choice of testers [43]. This breeding
practice demonstrates the existence of the triangular heterotic pattern and highlights the
potential for hybridization between specific pairings [44]. Using the triangular heterotic
model for inter-heterotic-group improvement and heterotic group testing, we confirmed its
effectiveness in practice. Moreover, this approach provides a definite heterotic pattern for
inter-heterotic-group improvement, and our experimental results further support the feasi-
bility of inter-heterotic-group crossing. The proportion of those surpassing the CK hybrid
(ZD958) in the hybrid populations ranged from 1.1% to 53%, and 10.8% of the hybrids in the
population POP5/C229 surpassed the high-yielding hybrid ND678 (CK), indicating that
producing DH line test-cross hybrids through an inter-heterotic-group strategy is a viable
option (Figure 3B). Other studies have also indicated that inter-heterotic-group crossing for
the selection of lines is feasible. A prominent example of this is Mo17 in the United States,
which contains 50% Lancaster and 50% Krug (Reid) [40]. In China, a large number of maize
hybrids and commercial maize varieties have been introduced from abroad, leading to the
selection of numerous maize inbred lines such as Qi319, Jing724, and so on, as well as new
heterotic groups, such as the P and X groups, among others, originating from these hybrid
varieties. Germplasm improvement through inter-heterotic-group crossing should be the
major path forward in future maize breeding.

3.2. RKHS Model Exploring the Best Prediction Accuracy Among the GS Models

In this study, we primarily applied five models, including two machine learning
methods: RF and SVM. Among these models, BayesB, RKHS, and RRBLUP generally
outperformed RF and SVM in terms of prediction accuracy, with values of 0.44, 0.44,
and 0.43, respectively, suggesting that machine learning models exhibit lower prediction
accuracy for different maize populations. Similarly, some studies have shown that SVM
has a poor prediction effect in the hybrid rice NCII population [46]. Heslot et al. have
demonstrated the application of multiple models across various crops, showing that RKHS
generally outperforms other models in terms of accuracy, while support vector machines
exhibited poor performance on these datasets [27]. Both the RKHS and BayesB models
exhibited the highest average prediction accuracy of 0.44 in our study; however, they did
not consistently provide the best predictions across all scenarios and traits. This is in line
with the findings of Azodi et al., who noted that no single model excels in predicting all
traits [47]. Therefore, the choice of model should be based on the specific context. To
streamline subsequent comparisons, this study selected RKHS for further analysis, as it
offered the best overall prediction accuracy and faster computation.
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Traits are an important factor influencing the accuracy of GS predictions, with the vari-
ation in prediction accuracy primarily reflecting differences in heritability. Daetwyler et al.
have demonstrated that traits with a higher heritability tend to yield higher predictive
accuracy [48]. The results of our research were consistent with previous studies, showing
that the prediction accuracy for PH and EH is generally higher than that for DTA, DTS, and
yield. However, some studies have reported exceptions to this trend [17,49,50]; for exam-
ple, Heffner et al. found that the heritability of grain softness in the parental population
Cayuga × Caledonia was 0.88, while the prediction accuracy was 0.37. In our study, a simi-
lar result was observed in the hybrid populations, where the prediction accuracy for PH in
POP1/J2416 was lower compared to DTS. In the DH population, the prediction accuracy for
DTA and DTS in POP5 was also low, likely due to the small phenotypic differences between
the parental lines in this population. The accuracy of yield prediction for POP1/EH was
the lowest at 0.06, which may be attributed to the fact that the tester for the EH inbred
line originated from northeast China, while the phenotypic data were collected from the
Huanghuai Plain. This environmental variation likely reduced the genetic variation in the
POP1/EH population, leading to a lower prediction accuracy.

3.3. Cross Population Prediction in Half-Sibs with Non-Shared Parents from the Same Heterotic
Group Exhibiting Potential Accuracy in DH Population

In the prediction between different DH populations, a clear trend emerged: the predic-
tion accuracy for full-sib populations was better than for half-sib populations (Figure 5).
Moreover, the prediction accuracy for two DH populations without a genetic relationship
was negative, which aligns with previous studies [51–53]. The negative prediction result for
the non-sib populations was likely due to differences in the estimated SNP effects between
the two populations [54], indicating that predictions between completely unrelated popula-
tions hold limited practical value in breeding. However, when the non-shared parent of the
half-sib came from the same heterotic group, the prediction results were much more reliable,
ranging from 0.34 to 0.64 (Figure 5). This suggests that the accuracy of predictions is largely
influenced by the pedigree relationship, which is consistent with the results from the PCA
analysis [51,52,55] (Figure 2A). Although POP4 and POP3 were unrelated populations,
they showed high accuracy in mutual prediction, possibly as their genetic structures were
similar and both populations shared a parent from the same heterotic group.

3.4. Cross Population Prediction Among Hybrids from the Same DH Population Expressing
Prominent Accuracy

In terms of the prediction accuracy obtained for the hybrid cross populations, we
observed that the accuracy of Same_DH was significantly higher than that of the other
cross population predictions. This finding supports a potential pattern for the cross popu-
lation prediction of hybrid phenotypes. When testing multiple lines within the same DH
population, we can generate a training set using one tester and predict the performance of
populations with the other testers. This approach helps to reduce the cost of field experi-
ments. The prediction accuracies for Same_DH were 0.60, 0.60, 0.76, 0.82, and 0.49, with
these being higher than those of In_group (with values of 0.51, 0.49, 0.63, 0.67, and 0.41),
for DTA, DTS, EH, PH, and yield, respectively. This difference may be due to the sampling
methods, as the DH lines in the training and the test sets for In_group predictions were
distinct, whereas Same_DH may involve some overlap of the DH lines between the training
and the test sets. Consequently, we categorized the cross population prediction types of
Same_DH into three distinct categories and compared them with In_group. We found that
the prediction accuracy for Same_DH was higher than that of rand_DH, and rand_DH, in
turn, outperformed diff_DH. The results support the validity of our hypothesis (Figure S3B).
What this means is that the highest prediction accuracy for cross population predictions of
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the same DH hybrids was achieved when the DH line from the test set hybrid was included
in the training set. Additionally, when the testers came from different heterotic groups, the
cross population predictions remained effective, particularly for traits such as DTA, DTS,
EH, and PH (Figure S3A). The Same_DH model proved to be a viable approach for cross
population prediction in hybrid populations, yielding prediction accuracies comparable to
those of within-population predictions.

3.5. The Proportion of Shared Polymorphisms (Considering SNPs) Between the Training and the
Test Sets (PSP) Correlates with the Cross Population Prediction of Both the DH and
Hybrid Populations

As the predictive accuracy of GS is closely linked to the genomic similarity between
the training and the test populations [56], evaluating the genetic relationships between
populations is crucial. We analyzed the correlations between the prediction accuracy and
various genetic indices, including Nei, IBD, Fst, and PSP, in both the DH and the hybrid
populations. The results revealed that the cross population prediction in both the DH and
the hybrid populations was significantly influenced by the PSP index, with the coefficient
of variation ranging from 0.55 to 0.86. This suggests that the PSP index can be used to assess
the reliability of cross population predictions. Furthermore, we observed a high correlation
between the prediction accuracy in the DH populations and the corresponding hybrid
populations, with the coefficient of variation ranging from 0.87 to 0.96. This is consistent
with the predicted results. For the DH cross population predictions, the highest mutual
prediction accuracy was observed between POP2 and POP3 in the half-sib population,
followed by the second-highest accuracy between POP2 and POP4. Similarly, for the hybrid
cross population predictions, the highest prediction accuracy was observed in the hybrids
derived from POP2- and POP3-matched populations, with the second-highest accuracy
found in the mutual predictions between POP2- and POP4-matched hybrids. Specifically,
when the prediction accuracy was high in the DH populations, it could be effectively
extended to their respective hybrids.

4. Materials and Methods
4.1. Plant Materials, Experimental Design, and Phenotypic Data Collection

In this experiment, four inbred lines (C783, C229, C116A, and EH) bred by the labo-
ratory and one introduced line (UH306) were used as the base materials for the produc-
tion of the DH populations. These five parent lines belonged to four divergent heterotic
groups: X group (C783), Improved Reid group (C229), SiPingTou germplasm (C116A), and
Early-maturity germplasm (UH306, EH). Five DH populations were constructed using
these five inbred lines, and the five DH populations were C783 × C229, C783 × UH306,
C783 × EH, C229 × UH306, and C783 × C116A, which were labeled as POP1–5, respec-
tively. Then, the five DH populations were tested against three inbred lines with heterosis,
which were from the SiPingTou germplasm (C116A, J2416), Improved Reid group (C229,
C2404, Z58), X group (C783), and Early-maturity germplasm (EH), yielding a total of
15 hybrid populations. The specific hybridization scheme is shown in Table S1.

The DH lines were planted in Beijing (N40◦8′ E116◦11′) in 2020, Xinxiang (N35◦9′ E113◦47′)
and Hebi (N35◦40′ E114◦18′) in 2021, and Sanya (N18◦23′ E109◦11′) in 2021 and 2023. We
used the augmented alpha design, setting every 20 accessions as a block. Each block
consisted of nineteen rows of accessions and one constant accession of C116A, planted in
random order. In the five environments, phenotyping was recorded for two agronomic
traits: plant height (PH, cm) and ear height (EH, cm). Days to anthesis (DTA, days) and
days to silking (DTS, days) were recorded in three environments: Beijing in 2020, Xinxiang
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in 2021, and Sanya in 2021. The number of DH phenotypes collected in POP1–5 was 124,
97, 134, 91, and 89, respectively (Table S1).

Hybrids were planted in Handan (N36◦21′ E114◦44′), Xinxiang (N35◦9′ E113◦47′),
Hebi (N35◦40′ E114◦18′), Jining (N34◦58′ E116◦13′), and Jinan (N37◦24′ E117◦14) from
2019 to 2021. We used the augmented alpha design, and each block consisted of twenty-
one accessions and three constant accessions of DengHai605 (DH605), ZhongNongDa678
(ND678), and ZhengDan958 (ZD958), planted in random order. The data on maize yield
were collected across 15 different environments, but PH and EH were collected in 12 en-
vironments, excluding Handan in 2020 and 2021 and Jinan in 2020. For DTA and DTS,
we investigated nine environments in Hebi and Xinxiang from 2019 to 2021, Handan and
Jining in 2019, and Jining in 2020. We collected field phenotypic data from 1568 hybrids. In
the field, each accession was planted in a one-row plot for the DHs and a two-row plot for
the hybrids, with 0.6 m of row space and 0.25 m of plant space.

4.2. Phenotypic Data Analysis and Heritability Estimation

The raw phenotypic data were analyzed using a linear mixed model via the lme4
package in R (V4.1.2) [57]. Best linear unbiased estimation (BLUE) was used to calculate
the DH lines and the hybrids. In the model, the following equation was used:

yijk = µ + gi + ej + bk
(
ej
)
+ ε,

where yijk is the mean phenotypic value of the ith DH line or hybrid in the kth block of the
jth environment, µ is the overall mean, gi is the genotype effect of the ith DH or hybrid
(fixed effects), ej is the effect of the jth environment (random effects), bk

(
ej
)

is the effect
of the kth block nested within the jth environment (random effects), and ε is the random
error. The heritability was calculated using variance components estimated from the above
model. The following equation was used to estimate the heritability on a plot-mean basis:

H2 =
Vg

Vg +
Ve
l

,

where Vg is the genotypic variance component, Ve is the error variance, and l is the number
of environments.

4.3. Genotyping and Genotypic Data Analysis

Paired-end 150 sequencing was performed on the DH lines, the testers, and the
parents of the DH populations using the BGI DNBSEQ-T7 platform (BGI, Shenzhen,
Guangdong Province, China). The average number of raw reads for the DH lines and
the testers was 42,248,045, and the average number of reads for the parents of the DH
populations was 186,780,554. Quality control of the raw reads was performed using Fastp
(V0.20.0) with the default parameters [58]. The filtered sequencing data were aligned to
the reference genome (B73_RefGen_v5) using BWA (V0.7.17), followed by sorting, in-
dexing, alignment, and statistics on alignment results using Samtools (V1.10) [59,60].
The genome coverage of the DH lines and the testers was 0.76, with an average se-
quencing depth of 3.6×. For the parents of the DH populations, the genome cover-
age was 0.86, with an average sequencing depth of 12.9×. GATK (V4.2.0) was used
to detect and extract segregating SNPs, followed by basic parameter filtering with the
following filtering criteria: “QUAL < 30.0||FS > 60.0||QD < 2.0||SOR > 3.0||MQ
< 40.0||MQRankSum < −12.5||ReadPosRankSum < −8.0” [61]. After filtering SNPs,
vcftools (V0.1.16) was used again for filtering, with a minimum sequencing depth of 1×
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and a minimum quality of Q30 [62]. Unaligned segments were removed, resulting in a final
filtered SNP count of 300,521,103.

Plink was used to separately filter the five DH populations, with the filtering param-
eters set as follows: (a) less than 40% missing values of SNPs; (b) less than 30% missing
values of individuals; and (c) a heterozygosity rate of individuals less than 10% [63]. Then,
the filtered data were imputed using BEAGLE version 5.0 [64] and, for each DH population,
a chi-square test at a significance level of 0.001 was used for filtering the 1:1 segregation.
After filtering, the remaining number of SNPs in POP1–POP5 were 210,056, 181,743, 74,351,
130,781, and 136,785, respectively. The genotypes of the five populations were then merged,
with the merging conditions set to retain SNPs shared by all five populations and other
loci with variation in at least one population. The final total number of SNP markers in the
merged population was 108,898.

The genotypes of hybrids were obtained with the cleaned SNPs (N = 108,898) of
DHs and testers using TASSEL V5.2 [65]. When predicting within a single population or
between two populations, we extracted the genotypes of the populations and filtered out
the non-segregating SNPs. Principal component analysis (PCA) was used to assess the level
of genetic structure using the Plink software (V1.9) [63]. To examine the correlation between
the genotyping affinity of cross populations and the prediction accuracy, four indices were
used to evaluate the genotyping affinity of cross populations: (a) the proportion of shared
polymorphisms between the training and the test sets relative to the SNPs shared by the
five populations (PSP); (b) Nei’s genetic distances between the training and the test sets,
calculated using the R package “adegenet” (Nei)(V2.1.11) [66]; (c) the IBS index, which is
the average distance matrix between the training and the test sets, calculated using the
TASSEL V5.2 software (IBS) [65]; and (d) the Fst index, calculated using vcftools (V0.1.16),
with the single point calculation method (Fst) [62].

4.4. Genomic Prediction

GP was performed for the hybrid and DH populations using five models: ridge
regression best linear unbiased prediction (RRBLUP) [21], BayesB [2], Reproducing Kernel
Hilbert Space (RKHS) [31,32], support vector machine (SVM) [67,68], and random forest
(RF) [69]. The RRBLUP method, which is based on a restricted maximum likelihood (REML)
approach, was implemented using the R package “rrBLUP”(V4.6.3) [22]. Additionally,
we applied the scaled-t mixture model (BayesB), which uses a mixture distribution that
includes a point mass at zero and a univariate scaled t-distribution to fit the models,
implemented using the R package “BGLR” (V1.1.3) [70]. The basic model is as follows:

y = 1nµ + Zα + ε,

where y is the vector of phenotypes, 1n is the n-dimensional vector of ones, µ is the
overall mean, α is a vector of random regression coefficients of all the marker effects, Z
is a genotypic matrix for markers, and ε is a vector of residuals. The alternative methods
discussed here primarily differ in terms of the specific priors used for α. For RRBLUP,
α~N (0, Iσ2

α), and σ2
a has a scaled inverse chi-square distribution. Meanwhile, BayesB

employs a mixture distribution that includes a point of mass at zero and a univariate
scaled t-distribution.

RKHS is a semi-parametric regression model that was first applied to marker geno-
types by Gianola et al. [71]. The RKHS model was implemented using the R package
“BGLR”(V1.1.3). The model is calculated as follows:

y = 1nµ + khα + ε
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where y is the vector of phenotypes; 1n is the n-dimensional vector of ones; µ is the overall
mean; kh is a kernel function that maps the input data to a higher-dimensional space, such
that the data can be more easily separated; α is assumed to have an independent prior
distribution α~N (0, khσ2

α); and ε is a vector of residuals.
RF is an ensemble machine learning method composed of multiple decision trees [69].

These decision trees are generated using a randomized tree-building algorithm, which
creates several trees by randomly sampling the original training set, allowing for certain
items to appear more than once. When RF is used for regression, the final output is the
average of the predictions from all decision trees [72]. We implemented this method using
the R package “randomForest”(V4.7-1.2) [73].

SVM is a non-parametric algorithm proposed by Cortes and Vapnik [68]. It was first
applied for classification; however, at present, it is widely used for both regression and
classification. We implemented SVM using the R package “e1071”(V1.7-16) [74].

4.5. Calculation of Prediction Accuracy

For within-population predictions, 77 DH or hybrid accessions were randomly, and
a five-fold cross-validation approach was employed, which was repeated 10 times in
order to evaluate the accuracy of the GS models. For the cross population predictions, to
maintain consistency with the within-population predictions, 55 accessions were sampled
from the training set and 12 accessions from the test set. This procedure was repeated
50 times to evaluate the prediction accuracy. The prediction accuracy for each sample
was calculated according to the Pearson correlation between the input trait values and
the genomic estimated breeding values (GEBVs) from the given GS model. We selected
the median Pearson correlation coefficient from the 50 repetitions as the representative
measure of prediction accuracy.

4.6. DH Population Prediction Classification

We divided the DH populations into three categories based on the presence of common
DH parents between the DH training and test sets as follows: (I) no common parents
between the training and the test sets (non-sib); (II) half-sibling populations (half-sib); and
(III) predictions within the populations (full-sib). Prediction type II was further divided into
three categories as follows: half-sibling populations with the shared parental lines (C783,
C229, UH306), and half-sib of C783 with non-shared parents from the same heterotic group
or different heterotic groups. For the specific classification of DH populations prediction
types, refer to Table S2.

4.7. Hybrid Population Prediction Type Division

Each hybrid population primarily consisted of three components: two founder lines
of the DH populations and a tester. All hybrid populations in this study were derived
from the “triangle” heterotic models, which refers to the production of hybrids through
a single cross using inbred lines selected from two of the three heterotic groups [44]. The
DH founder lines and the testers consisted of four heterotic groups (Improved Reid group,
SiPingTou germplasm, Early-maturity germplasm, X group; see Figure 1). Based on the
difference between the training and the test sets in the two DH population parents and the
tester, the prediction types were divided into seven categories: (1) In_Group: the training
and the test sets were derived from the same hybrid population; (2) Same_DH: the two DH
population parents remained unchanged, but the training and the test sets used different
testers; (3) Same_Tester: the training and test sets used the same tester, but there was at least
one difference in the DH founder liners of the two populations; (4) Tri_Group: DH parents
and testers in the training and test sets shared three identical heterotic groups. For example,
the mutual prediction between POP1/C116A and POP5/C229 fell under the Tri_Group
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type; and (5–7) M0, M1, and M2: the training and the test sets had 0–2 consistent materials
in terms of the parents of the DH populations and the testers, but they did not have the
same DH populations and the same testers (Figure 1C). For the specific classification of
hybrid population prediction types, refer to Table S3.

5. Conclusions
This study revealed the following several key findings: (a) The improvement in

DH lines through inter-heterotic-group line crossing is feasible, and this method can
effectively be used to select superior hybrids. (b) In the DH cross population prediction,
the prediction accuracy of half-sibs was higher than that of non-sibs, and when the non-
shared parent of the half-sib population belonged to the same heterotic group, the cross
population prediction accuracy was further increased. (c) In the cross hybrid population
prediction, the prediction accuracy for hybrids that shared the same DH population was
the highest. (d) The PSP index for cross populations showed a high correlation with the
prediction accuracy in both DH and hybrid populations. (e) A strong correlation was
observed between the prediction accuracy of the DH and hybrid populations in the cross
population prediction.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijms26062662/s1.

Author Contributions: Conceptualization, W.L. and S.C.; data collection, D.C., J.L. and S.G.; data
analysis, D.C. and J.L.; writing and editing, D.C., J.L., S.X., Y.W., W.L. and S.C.; visualization, D.C.
and J.L.; supervision, W.L. and S.C.; project administration, W.L. and S.C.; funding acquisition, W.L.
and S.C. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Key Research and Development Program of China
(2022YFD1200802), the Science and Technology Innovation Team of Maize Modern Seed Industry in
Hebei (21326319D), the Key Research and Development project of Ordos (YF20240016), and the Key
Research and Development Program of the Seed Industry Innovation of Yangling (Ylzy-ym-05).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All relevant data are within the paper and its Supplementary Materials.

Acknowledgments: Many thanks to the reviewers’ comments and suggestions. We would like to
thank the High-performance Computing Platform of China Agricultural University for comput-
ing support.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Ren, J.; Wu, P.; Trampe, B.; Tian, X.; Lübberstedt, T.; Chen, S. Novel technologies in doubled haploid line development. Plant

Biotechnol. J. 2017, 15, 1361–1370. [CrossRef]
2. Meuwissen, T.H.; Hayes, B.J.; Goddard, M.E. Prediction of total genetic value using genome-wide dense marker maps. Genetics

2001, 157, 1819–1829. [CrossRef] [PubMed]
3. Zhang, X.; Pérez-Rodríguez, P.; Semagn, K.; Beyene, Y.; Babu, R.; López-Cruz, M.A.; San Vicente, F.; Olsen, M.; Buckler, E.;

Jannink, J.; et al. Genomic prediction in biparental tropical maize populations in water-stressed and well-watered environments
using low-density and GBS SNPs. Heredity 2015, 114, 291–299. [CrossRef] [PubMed]

4. Beyene, Y.; Semagn, K.; Mugo, S.; Tarekegne, A.; Babu, R.; Meisel, B.; Sehabiague, P.; Makumbi, D.; Magorokosho, C.; Oikeh, S.;
et al. Genetic Gains in Grain Yield Through Genomic Selection in Eight Bi-parental Maize Populations under Drought Stress.
Crop Sci. 2015, 55, 154–163. [CrossRef]

5. Crossa, J.; Perez, P.; Hickey, J.; Burgueno, J.; Ornella, L.; Ceron-Rojas, J.; Zhang, X.; Dreisigacker, S.; Babu, R.; Li, Y.; et al. Genomic
prediction in CIMMYT maize and wheat breeding programs. Heredity 2014, 112, 48–60. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/ijms26062662/s1
https://www.mdpi.com/article/10.3390/ijms26062662/s1
https://doi.org/10.1111/pbi.12805
https://doi.org/10.1093/genetics/157.4.1819
https://www.ncbi.nlm.nih.gov/pubmed/11290733
https://doi.org/10.1038/hdy.2014.99
https://www.ncbi.nlm.nih.gov/pubmed/25407079
https://doi.org/10.2135/cropsci2014.07.0460
https://doi.org/10.1038/hdy.2013.16
https://www.ncbi.nlm.nih.gov/pubmed/23572121


Int. J. Mol. Sci. 2025, 26, 2662 18 of 20

6. Charmet, G.; Storlie, E.; Oury, F.X.; Laurent, V.; Beghin, D.; Chevarin, L.; Lapierre, A.; Perretant, M.R.; Rolland, B.; Heumez, E.;
et al. Genome-wide prediction of three important traits in bread wheat. Mol. Breed. 2014, 34, 1843–1852. [CrossRef]

7. Bassi, F.M.; Bentley, A.R.; Charmet, G.; Ortiz, R.; Crossa, J. Breeding schemes for the implementation of genomic selection in
wheat (Triticum spp.). Plant Sci. 2016, 242, 23–36. [CrossRef]

8. Xu, S.; Zhu, D.; Zhang, Q. Predicting hybrid performance in rice using genomic best linear unbiased prediction. Proc. Natl. Acad.
Sci. USA 2014, 111, 12456–12461. [CrossRef]

9. Wang, X.; Li, L.; Yang, Z.; Zheng, X.; Yu, S.; Xu, C.; Hu, Z. Predicting rice hybrid performance using univariate and multivariate
GBLUP models based on North Carolina mating design II. Heredity 2017, 118, 302–310. [CrossRef]

10. Sallam, A.H.; Endelman, J.B.; Jannink, J.L.; Smith, K.P. Assessing Genomic Selection Prediction Accuracy in a Dynamic Barley
Breeding Population. Plant Genome 2015, 8, 1–15. [CrossRef]

11. Schmidt, M.; Kollers, S.; Maasberg-Prelle, A.; Großer, J.; Schinkel, B.; Tomerius, A.; Graner, A.; Korzun, V. Prediction of malting
quality traits in barley based on genome-wide marker data to assess the potential of genomic selection. Theor. Appl. Genet. 2016,
129, 203–213. [CrossRef]

12. Lorenzana, R.E.; Bernardo, R. Accuracy of genotypic value predictions for marker-based selection in biparental plant populations.
Theor. Appl. Genet. 2009, 120, 151–161. [CrossRef]

13. Wong, C.K.; Bernardo, R. Genomewide selection in oil palm: Increasing selection gain per unit time and cost with small
populations. Theor. Appl. Genet. 2008, 116, 815–824. [CrossRef]

14. Resende, M.F.R.; Muñoz, P.; Resende, M.D.V.; Garrick, D.J.; Fernando, R.L.; Davis, J.M.; Jokela, E.J.; Martin, T.A.; Peter, G.F.; Kirst,
M. Accuracy of Genomic Selection Methods in a Standard Data Set of Loblolly Pine (Pinus taeda L.). Genetics 2012, 190, 1503–1510.
[CrossRef] [PubMed]

15. Isik, F.; Bartholomé, J.; Farjat, A.; Chancerel, E.; Raffin, A.; Sanchez, L.; Plomion, C.; Bouffier, L. Genomic selection in maritime
pine. Plant Sci. 2016, 242, 108–119. [CrossRef] [PubMed]

16. Combs, E.; Bernardo, R. Accuracy of Genomewide Selection for Different Traits with Constant Population Size, Heritability, and
Number of Markers. Plant Genome 2013, 6. [CrossRef]

17. Heffner, E.L.; Jannink, J.L.; Iwata, H.; Souza, E.; Sorrells, M.E. Genomic Selection Accuracy for Grain Quality Traits in Biparental
Wheat Populations. Crop Sci. 2011, 51, 2597–2606. [CrossRef]

18. Elsen, J.M. Approximated prediction of genomic selection accuracy when reference and candidate populations are related. Genet.
Sel. Evol. 2016, 48, 18. [CrossRef]

19. Pszczola, M.; Strabel, T.; Mulder, H.A.; Calus, M.P.L. Reliability of direct genomic values for animals with different relationships
within and to the reference population. J. Dairy Sci. 2012, 95, 389–400. [CrossRef]

20. Edwards, S.M.; Buntjer, J.B.; Jackson, R.; Bentley, A.R.; Lage, J.; Byrne, E.; Burt, C.; Jack, P.; Berry, S.; Flatman, E.; et al. The effects
of training population design on genomic prediction accuracy in wheat. Theor. Appl. Genet. 2019, 132, 1943–1952. [CrossRef]

21. 21. Whittaker, J.C.; Thompson, R.; Denham, M.C. Marker-assisted selection using ridge regression. Genet. Res. 2000, 75, 249–252.
[CrossRef] [PubMed]

22. Endelman, J.B. Ridge Regression and Other Kernels for Genomic Selection with R Package rrBLUP. Plant Genome 2011, 4, 250–255.
[CrossRef]

23. Zhang, X.; Pérez-Rodríguez, P.; Burgueño, J.; Olsen, M.; Buckler, E.; Atlin, G.; Prasanna, B.M.; Vargas, M.; San Vicente, F.; Crossa, J.
Rapid Cycling Genomic Selection in a Multiparental Tropical Maize Population. G3 Genes Genomes Genetics. 2017, 7, 2315–2326.
[CrossRef]

24. Juliana, P.; Singh, R.P.; Singh, P.K.; Crossa, J.; Rutkoski, J.E.; Poland, J.A.; Bergstrom, G.C.; Sorrells, M.E. Comparison of Models
and Whole-Genome Profiling Approaches for Genomic-Enabled Prediction of Septoria Tritici Blotch, Stagonospora Nodorum
Blotch, and Tan Spot Resistance in Wheat. Plant Genome 2017, 10. [CrossRef]

25. Bernardo, R. Best Linear Unbiased Prediction of Maize Single-Cross Performance. Crop Sci. 1996, 36, 50–56. [CrossRef]
26. VanRaden, P.M. Efficient Methods to Compute Genomic Predictions. J. Dairy Sci. 2008, 91, 4414–4423. [CrossRef]
27. Heslot, N.; Yang, H.P.; Sorrells, M.E.; Jannink, J.L. Genomic Selection in Plant Breeding: A Comparison of Models. Crop Sci. 2012,

52, 146–160. [CrossRef]
28. de Los Campos, G.; Hickey, J.M.; Pong-Wong, R.; Daetwyler, H.D.; Calus, M.P.L. Whole-genome regression and prediction

methods applied to plant and animal breeding. Genetics 2013, 193, 327–345. [CrossRef]
29. Habier, D.; Fernando, R.L.; Kizilkaya, K.; Garrick, D.J. Extension of the bayesian alphabet for genomic selection. BMC Bioinform.

2011, 12, 186. [CrossRef]
30. Gianola, D. Priors in whole-genome regression: The bayesian alphabet returns. Genetics 2013, 194, 573–596. [CrossRef]
31. de Los, C.G.; Gianola, D.; Rosa, G.J. Reproducing kernel Hilbert spaces regression: A general framework for genetic evaluation.

J. Anim. Sci. 2009, 87, 1883–1887. [CrossRef]
32. De Los Campos, G.; Gianola, D.; Rosa, G.J.M.; Weigel, K.A.; Crossa, J. Semi-parametric genomic-enabled prediction of genetic

values using reproducing kernel Hilbert spaces methods. Genet. Res. 2010, 92, 295–308. [CrossRef] [PubMed]

https://doi.org/10.1007/s11032-014-0143-y
https://doi.org/10.1016/j.plantsci.2015.08.021
https://doi.org/10.1073/pnas.1413750111
https://doi.org/10.1038/hdy.2016.87
https://doi.org/10.3835/plantgenome2014.05.0020
https://doi.org/10.1007/s00122-015-2639-1
https://doi.org/10.1007/s00122-009-1166-3
https://doi.org/10.1007/s00122-008-0715-5
https://doi.org/10.1534/genetics.111.137026
https://www.ncbi.nlm.nih.gov/pubmed/22271763
https://doi.org/10.1016/j.plantsci.2015.08.006
https://www.ncbi.nlm.nih.gov/pubmed/26566829
https://doi.org/10.3835/plantgenome2012.11.0030
https://doi.org/10.2135/cropsci2011.05.0253
https://doi.org/10.1186/s12711-016-0183-3
https://doi.org/10.3168/jds.2011-4338
https://doi.org/10.1007/s00122-019-03327-y
https://doi.org/10.1017/S0016672399004462
https://www.ncbi.nlm.nih.gov/pubmed/10816982
https://doi.org/10.3835/plantgenome2011.08.0024
https://doi.org/10.1534/g3.117.043141
https://doi.org/10.3835/plantgenome2016.08.0082
https://doi.org/10.2135/cropsci1996.0011183X003600010009x
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.2135/cropsci2011.06.0297
https://doi.org/10.1534/genetics.112.143313
https://doi.org/10.1186/1471-2105-12-186
https://doi.org/10.1534/genetics.113.151753
https://doi.org/10.2527/jas.2008-1259
https://doi.org/10.1017/S0016672310000285
https://www.ncbi.nlm.nih.gov/pubmed/20943010


Int. J. Mol. Sci. 2025, 26, 2662 19 of 20

33. Gonzalez-Camacho, J.M.; de Los, C.G.; Perez, P.; Gianola, D.; Cairns, J.E.; Mahuku, G.; Babu, R.; Crossa, J. Genome-enabled
prediction of genetic values using radial basis function neural networks. Theor. Appl. Genet. 2012, 125, 759–771. [CrossRef]
[PubMed]

34. Gonzalez-Camacho, J.M.; Crossa, J.; Perez-Rodriguez, P.; Ornella, L.; Gianola, D. Genome-enabled prediction using probabilistic
neural network classifiers. BMC Genom. 2016, 17, 208. [CrossRef]

35. Ornella, L.; Pérez, P.; Tapia, E.; González-Camacho, J.M.; Burgueño, J.; Zhang, X.; Singh, S.; Vicente, F.S.; Bonnett, D.; Dreisigacker,
S.; et al. Genomic-enabled prediction with classification algorithms. Heredity 2014, 112, 616–626. [CrossRef]

36. Zhao, Y.; Gowda, M.; Liu, W.; Würschum, T.; Maurer, H.P.; Longin, F.H.; Ranc, N.; Reif, J.C. Accuracy of genomic selection in
European maize elite breeding populations. Theor. Appl. Genet. 2012, 124, 769–776. [CrossRef] [PubMed]

37. Guo, Z.; Tucker, D.M.; Basten, C.J.; Gandhi, H.; Ersoz, E.; Guo, B.; Xu, Z.; Wang, D.; Gay, G. The impact of population structure on
genomic prediction in stratified populations. Theor. Appl. Genet. 2014, 127, 749–762. [CrossRef]

38. Isidro, J.; Jannink, J.L.; Akdemir, D.; Poland, J.; Heslot, N.; Sorrells, M.E. Training set optimization under population structure in
genomic selection. Theor. Appl. Genet. 2015, 128, 145–158. [CrossRef]

39. Spindel, J.; Begum, H.; Akdemir, D.; Virk, P.; Collard, B.; Redoña, E.; Atlin, G.; Jannink, J.; McCouch, S.R. Genomic Selection
and Association Mapping in Rice (Oryza sativa): Effect of Trait Genetic Architecture, Training Population Composition, Marker
Number and Statistical Model on Accuracy of Rice Genomic Selection in Elite, Tropical Rice Breeding Lines. PLoS Genet. 2015,
11, e1004982. [CrossRef]

40. Tracy, W.F.; Chandler, M.A. The Historical and Biological Basis of the Concept of Heterotic Patterns in Corn Belt Dent Maize. In
Plant Breeding: The Arnel R. Hallauer International Symposium; Blackwell Publishing: Ames, IA, USA, 2008.

41. Zhao, J.; Li, C.; Song, W.; Wang, Y.; Xing, J.; Zhang, R.; Yi, H.; Yang, Y.; Shi, Z.; Wang, J. Elaboration of Heterotic Pattern in a Series
of Maize Varieties by SSR Markers. J. Maize Sci. 2017, 25, 1–8. [CrossRef]

42. Luo, J.; Wang, M.; Jia, G.; He, Y. Transcriptome-wide analysis of epitranscriptome and translational efficiency associated with
heterosis in maize. J. Exp. Bot. 2021, 72, 2933–2946. [CrossRef] [PubMed]

43. Bernardo, R. Breeding Potential of Intra- and Interheterotic Group Crosses in Maize. Crop Sci. 2001, 41, 68–71. [CrossRef]
44. Pan, G.; Yang, K.; Li, W.; Huang, Y.; Gao, S.; Lan, H.; Li, L.; Cao, M.; Tang, Q.; Fu, F.; et al. A Review of the Research and

Application of Heterotic Groups and Patterns of Maize Breeding in Southwest China. J. Maize Sci. 2020, 28, 1–8.
45. Carena, M.J.; Hallauer, A.R.; Miranda Filho, J.B. Quantitative Genetics in Maize Breeding; Springer: New York, NY, USA, 2010.
46. Xu, Y.; Wang, X.; Ding, X.; Zheng, X.; Yang, Z.; Xu, C.; Hu, Z. Genomic selection of agronomic traits in hybrid rice using an NCII

population. Rice 2018, 11, 32. [CrossRef] [PubMed]
47. Azodi, C.B.; Bolger, E.; McCarren, A.; Roantree, M.; de Los Campos, G.; Shiu, S. Benchmarking Parametric and Machine Learning

Models for Genomic Prediction of Complex Traits. G3 Genes Genomes Genetics. 2019, 9, 3691–3702. [CrossRef]
48. Daetwyler, H.D.; Villanueva, B.; Woolliams, J.A.; Weedon, M.N. Accuracy of predicting the genetic risk of disease using a

genome-wide approach. PLoS ONE 2008, 3, e3395. [CrossRef]
49. Heffner, E.L.; Jannink, J.L.; Sorrells, M.E. Genomic Selection Accuracy using Multifamily Prediction Models in a Wheat Breeding

Program. Plant Genome 2011, 4, 65–75. [CrossRef]
50. Albrecht, T.; Wimmer, V.; Auinger, H.; Erbe, M.; Knaak, C.; Ouzunova, M.; Simianer, H.; Schön, C. Genome-based prediction of

testcross values in maize. Theor. Appl. Genet. 2011, 123, 339–350. [CrossRef]
51. Riedelsheimer, C.; Endelman, J.B.; Stange, M.; Sorrells, M.E.; Jannink, J.L.; Melchinger, A.E. Genomic predictability of intercon-

nected biparental maize populations. Genetics 2013, 194, 493–503. [CrossRef]
52. Schopp, P.; Müller, D.; Wientjes, Y.C.J.; Melchinger, A.E. Genomic Prediction Within and Across Biparental Families: Means

and Variances of Prediction Accuracy and Usefulness of Deterministic Equations. G3 Genes Genomes Genet. 2017, 7, 3571–3586.
[CrossRef]

53. van den Berg, S.; Calus, M.P.; Meuwissen, T.H.; Wientjes, Y.C. Across population genomic prediction scenarios in which Bayesian
variable selection outperforms GBLUP. BMC Genet. 2015, 16, 146. [CrossRef]

54. Wientjes, Y.; Veerkamp, R.F.; Bijma, P.; Bovenhuis, H.; Schrooten, C.; Calus, M. Empirical and deterministic accuracies of
across-population genomic prediction. Genet. Sel. Evol. 2015, 47, 5. [CrossRef]

55. Habier, D.; Fernando, R.L.; Dekkers, J.C.M. The Impact of Genetic Relationship Information on Genome-Assisted Breeding Values.
Genetics 2007, 177, 2389–2397. [CrossRef] [PubMed]

56. Arguello-Blanco, M.N.; Sneller, C.H. The effect of cycles of genomic selection on the wheat (T. aestivum) genome. Theor. Appl.
Genet. 2023, 136, 70. [CrossRef] [PubMed]

57. Bates, D.; Mächler, M.; Bolker, B.; Walker, S. Fitting Linear Mixed-Effects Models Using lme4. J. Stat. Softw. 2015, 67. [CrossRef]
58. Chen, S.; Zhou, Y.; Chen, Y.; Gu, J. fastp: An ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 2018, 34, i884–i890. [CrossRef]

[PubMed]
59. Li, H.; Durbin, R. Fast and accurate short read alignment with Burrows–Wheeler transform. Bioinformatics 2009, 25, 1754–1760.

[CrossRef]

https://doi.org/10.1007/s00122-012-1868-9
https://www.ncbi.nlm.nih.gov/pubmed/22566067
https://doi.org/10.1186/s12864-016-2553-1
https://doi.org/10.1038/hdy.2013.144
https://doi.org/10.1007/s00122-011-1745-y
https://www.ncbi.nlm.nih.gov/pubmed/22075809
https://doi.org/10.1007/s00122-013-2255-x
https://doi.org/10.1007/s00122-014-2418-4
https://doi.org/10.1371/journal.pgen.1004982
https://doi.org/10.13597/j.cnki.maize.science.20170501
https://doi.org/10.1093/jxb/erab074
https://www.ncbi.nlm.nih.gov/pubmed/33606877
https://doi.org/10.2135/cropsci2001.41168x
https://doi.org/10.1186/s12284-018-0223-4
https://www.ncbi.nlm.nih.gov/pubmed/29748895
https://doi.org/10.1534/g3.119.400498
https://doi.org/10.1371/journal.pone.0003395
https://doi.org/10.3835/plantgenome.2010.12.0029
https://doi.org/10.1007/s00122-011-1587-7
https://doi.org/10.1534/genetics.113.150227
https://doi.org/10.1534/g3.117.300076
https://doi.org/10.1186/s12863-015-0305-x
https://doi.org/10.1186/s12711-014-0086-0
https://doi.org/10.1534/genetics.107.081190
https://www.ncbi.nlm.nih.gov/pubmed/18073436
https://doi.org/10.1007/s00122-023-04279-0
https://www.ncbi.nlm.nih.gov/pubmed/36952091
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1093/bioinformatics/bty560
https://www.ncbi.nlm.nih.gov/pubmed/30423086
https://doi.org/10.1093/bioinformatics/btp324


Int. J. Mol. Sci. 2025, 26, 2662 20 of 20

60. Li, H.; Handsaker, B.; Wysoker, A.; Fennell, T.; Ruan, J.; Homer, N.; Marth, G.; Abecasis, G.; Durbin, R. The Sequence Align-
ment/Map format and SAMtools. Bioinformatics 2009, 25, 2078–2079. [CrossRef]

61. McKenna, A.; Hanna, M.; Banks, E.; Sivachenko, A.; Cibulskis, K.; Kernytsky, A.; Garimella, K.; Altshuler, D.; Gabriel, S.; Daly,
M.; et al. The Genome Analysis Toolkit: A MapReduce framework for analyzing next-generation DNA sequencing data. Genome
Res. 2010, 20, 1297–1303. [CrossRef]

62. Danecek, P.; Auton, A.; Abecasis, G.; Albers, C.A.; Banks, E.; DePristo, M.A.; Handsaker, R.E.; Lunter, G.; Marth, G.T.; Sherry, S.T.;
et al. The variant call format and VCFtools. Bioinformatics 2011, 27, 2156–2158. [CrossRef]

63. Purcell, S.; Neale, B.; Todd-Brown, K.; Thomas, L.; Ferreira, M.A.R.; Bender, D.; Maller, J.; Sklar, P.; de Bakker, P.I.W.; Daly,
M.J.; et al. PLINK: A Tool Set for Whole-Genome Association and Population-Based Linkage Analyses. Am. J. Hum. Genet. 2007,
81, 559–575. [CrossRef] [PubMed]

64. Browning, B.L.; Browning, S.R. Genotype Imputation with Millions of Reference Samples. Am. J. Hum. Genet. 2016, 98, 116–126.
[CrossRef] [PubMed]

65. Bradbury, P.J.; Zhang, Z.; Kroon, D.E.; Casstevens, T.M.; Ramdoss, Y.; Buckler, E.S. TASSEL: Software for association mapping of
complex traits in diverse samples. Bioinformatics 2007, 23, 2633–2635. [CrossRef]

66. Jombart, T. adegenet: A R package for the multivariate analysis of genetic markers. Bioinformatics 2008, 24, 1403–1405. [CrossRef]
[PubMed]

67. Maenhout, S.; De Baets, B.; Haesaert, G.; Van Bockstaele, E. Support vector machine regression for the prediction of maize hybrid
performance. Theor. Appl. Genet. 2007, 115, 1003–1013. [CrossRef]

68. Cortes, C.; Vapnik, V. Support-Vector Networks. Mach. Learn. 1995, 20, 273–297. [CrossRef]
69. Statistics, L.B.; Breiman, L. Random Forests. Mach. Learn. 2001, 5–32.
70. Pérez, P.; de Los Campos, G. Genome-wide regression and prediction with the BGLR statistical package. Genetics 2014, 198,

483–495. [CrossRef]
71. Gianola, D.; Okut, H.; Weigel, K.A.; Rosa, G.J. Predicting complex quantitative traits with Bayesian neural networks: A case study

with Jersey cows and wheat. BMC Genet. 2011, 12, 87. [CrossRef]
72. Choudhary, R.; Gianey, H.K. Comprehensive Review On Supervised Machine Learning Algorithms. In Proceedings of the 2017

International Conference on Machine Learning and Data Science (MLDS), Noida, India, 14–15 December 2017; pp. 37–43.
73. Liaw, A.; Wiener, M. Classification and Regression by randomForest. R News 2002, 2, 18–22.
74. Meyer, D.; Dimitriadou, E.; Hornik, K.; Weingessel, A.; Leisch, F. Misc Functions of the Department of Statistics, Probability

Theory Group (Formerly: E1071), TU Wien [R package e1071 version 1.7-16]. 2020. Available online: https://CRAN.R-project.
org/package=e1071 (accessed on 1 October 2024).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1101/gr.107524.110
https://doi.org/10.1093/bioinformatics/btr330
https://doi.org/10.1086/519795
https://www.ncbi.nlm.nih.gov/pubmed/17701901
https://doi.org/10.1016/j.ajhg.2015.11.020
https://www.ncbi.nlm.nih.gov/pubmed/26748515
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.1093/bioinformatics/btn129
https://www.ncbi.nlm.nih.gov/pubmed/18397895
https://doi.org/10.1007/s00122-007-0627-9
https://doi.org/10.1007/BF00994018
https://doi.org/10.1534/genetics.114.164442
https://doi.org/10.1186/1471-2156-12-87
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=e1071

	Introduction 
	Results 
	Genotyping and Population Structure Analysis 
	Basic Analysis of Phenotype and Effect of Cross Heterotic Group Fusion 
	Predicted Accuracy in DH and Hybrid Populations Using Different Models 
	Prediction Accuracy of DH and Hybrid Within Populations for Different Traits 
	Prediction Accuracy of Cross DH Populations 
	Prediction Accuracy and Classification of Cross Hybrid Populations 
	Relationship Between Prediction Accuracy and Genotypic Character of Cross DH or Cross Hybrid Populations 

	Discussion 
	Superior Hybrids Can Be Produced Through Inter-Heterotic-Group Crossing 
	RKHS Model Exploring the Best Prediction Accuracy Among the GS Models 
	Cross Population Prediction in Half-Sibs with Non-Shared Parents from the Same Heterotic Group Exhibiting Potential Accuracy in DH Population 
	Cross Population Prediction Among Hybrids from the Same DH Population Expressing Prominent Accuracy 
	The Proportion of Shared Polymorphisms (Considering SNPs) Between the Training and the Test Sets (PSP) Correlates with the Cross Population Prediction of Both the DH and Hybrid Populations 

	Materials and Methods 
	Plant Materials, Experimental Design, and Phenotypic Data Collection 
	Phenotypic Data Analysis and Heritability Estimation 
	Genotyping and Genotypic Data Analysis 
	Genomic Prediction 
	Calculation of Prediction Accuracy 
	DH Population Prediction Classification 
	Hybrid Population Prediction Type Division 

	Conclusions 
	References

