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Abstract

Plant metabolites play critical roles in regulating plant growth, development, and yield formation. Genomic selection (GS), as a cutting-edge breeding
technology, holds significant promise for accelerating crop improvement and advancing precision breeding programs. Current GS models primarily focus
on agronomic traits. In this study, we innovatively integrated metabolomic data into the GS framework to establish a multi-omics breeding approach.
Leveraging publicly available genomic variation and metabolomic profiles from 524 diverse rice accessions, we systematically evaluated the prediction
performance of five GS models. To further validate model applicability, we constructed genotype datasets for 12 core rice varieties using our independently
developed Hyper-seq high-throughput sequencing platform, coupled with precise metabolic profiling. Crucially, this validation set remained independent
of the training population, effectively mitigating overfitting risks. Our findings demonstrate for the first time the biological value of metabolomic data in
genomic prediction. This work establishes a theoretical foundation and technical pathway for developing integrated multi-omics intelligence-driven

breeding models.
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Introduction

As human society continues to evolve, breeding technologies
have also been making continuous breakthroughs, with crop breed-
ing progressing from the initial Breeding 1.0 era to the current
Breeding 4.0 era. In the earliest Breeding 1.0 era, also known as the
traditional breeding era, breeding was primarily based on breeders'
observations and planting experiencesl'. In the early 20t century,
breeding entered the 2.0 era, which was more scientific compared
to the experience-driven 1.0 era. It employed strategies such as
genetics and hybrid breeding for variety improvement. In the 3.0
era, molecular markers and gene editing breeding were widely
applied in crop breeding. Currently, crop breeding is in the 4.0 era,
characterized by intelligent breeding that integrates genotype- and
phenotype-based technologies. It utilizes high-throughput
sequencing technology and genomics, combined with integrated
analysis of genomic, phenotypic, and environmental data, to
enhance breeding efficiency and precision. Breeders can more accu-
rately identify genes and molecular markers associated with specific
traits, thereby accelerating the selection process for desirable
traitsl?l. Genomic Selection (GS) plays a crucial role in crop breeding
today®3l. GS relies on genotyping technologies, utilizing high-density
markers covering the entire genome for selective breeding. By
combining phenotypic trait data with genotypic data, it establishes
correlations between the two, marking the effects of all markers
across the entire genome. Even if a single nucleotide polymorphism
(SNP) has a small effect, it can still be captured and not overlooked
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due to its minor impact, leading to more accurate prediction
resultsi*5l, When genomic selection is combined with other
technologies, it significantly shortens the generation interval, and
prediction no longer depends on linkage disequilibrium between
DNA markers and causative mutations. Since rapid breeding can
substantially reduce the generation interval by applying genomic
selection in each generation to screen parents for the next genera-
tion, the genetic gain achieved through this method can be greatly
increased(®. Currently, the cost of genotyping is the biggest chal-
lenge in implementing genomic selection. To reduce costs, one
option is to apply genomic selection only every two or three genera-
tions or to select only candidate plants that have passed a reliable
phenotypic analysis threshold for traits in rapid breeding cycles,
such as certain disease-resistant types. In terms of sequencing tech-
nologies, low-coverage whole-genome sequencing (LcWGS) and
microarray technologies are widely used in genomic selection
breeding. LcWGS can be applied on a large scale for genotypic anal-
ysis of samples, obtaining high-density SNP markers at a relatively
low cost!’). However, due to its low coverage depth, LcWGS requires
imputation and filling of missing genotypes to obtain more
complete genotypic datal®9l, Additionally, LcWGS demands high
computational power because of its sequencing depth limitations,
requiring substantial computational support to complete genotype
imputation. Using imputed genotypic data and existing phenotypic
data, prediction models are constructed to estimate the genomic
estimated breeding values (GEBVs) of individuals. Apart from
LcWGS, microarrays are also widely used in GS breeding. Different

Xia et al. Tropical Plants 2026, 5: €027


mailto:mlzou@hainanu.edu.cn
mailto:f3e902@outlook.com
mailto:zqiangx@gmail.com
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
mailto:mlzou@hainanu.edu.cn
mailto:f3e902@outlook.com
mailto:zqiangx@gmail.com
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023
https://doi.org/10.48130/tp-0026-0023

GS model for rice metabolites breeding

microarrays can be designed based on various needs, but when
analyzing a large number of samples, it can incur high costs.
Hyper-seq is a low-cost, efficient, flexible, and high-throughput
DNA sequencing library preparation and genotyping method that
significantly reduces the time and cost of library construction and
sequencing!'?l, This method not only obtains markers across the
entire genome but also greatly reduces the cost and time of library
construction, improves efficiency, and yields accurate results.

Rice (Oryza sativa) is one of the most crucial food crops globally,
playing a vital role in ensuring global food security. China has made
remarkable achievements in rice breeding, cultivation management,
and yield enhancement, contributing significantly to the global
food supply. In the realm of GS breeding, current research primarily
focuses on key rice traits, such as plant height, heading date, and
grain quality. Xiao et al. conducted resequencing on 200 japonica
rice varieties and identified 2,410,743 SNPs. They utilized Ridge
Regression Best Linear Unbiased Prediction (RRBLUP) to predict
traits including yield per plant, number of panicles per plant,
number of grains per panicle, and thousand-grain weight, with
prediction accuracies ranging from 0.52 to 0.917. They found that
the actual yield-related trait values of YG7313 and NG9108 were
highly consistent with their predicted values. Consequently, using
these two varieties as parents for variety breeding, they successfully
developed two backbone lines, XY99 and JXY1, strongly demon-
strating the practicality of GS breeding in ricel’'l. Cui et al. collected
published data and established three different populations for GS
breeding research, employing the Best Linear Unbiased Prediction
(BLUP) model. Initially, they analyzed the prediction accuracy of
multiple important traits in a population of 1,495 rice hybrid combi-
nations, finding that the prediction accuracy for seven traits was all
above 0.6. Subsequently, they predicted 4,498,500 potential combi-
nations from 3,000 rice materials. The research results indicate that
GS holds great promise in hybrid breeding, capable of saving
substantial costs!'2, Xu et al. utilized metabolomic data to predict
hybrid yield in rice. This study compared six GS prediction methods,
including Lasso, BLUP, Partial Least Squares (PLS), and Bayesian
Generalized Linear Regression (BGLR), for predicting values from
genomic, transcriptomic, and metabolomic data. The results
revealed that Lasso and BLUP were the most effective methods, and
that metabolomic data were more effective than genomic data in
predicting vyield; in fact, the predictability of hybrid yield nearly
doubled!3],

Plant metabolites play a pivotal role in maintaining crop yield and
nutrient content, which are critical for global food security.
Currently, there is relatively limited research on genomic selection
breeding targeting metabolite traits, yet the significance of metabo-
lites in breeding research cannot be overstated. In this study, we
utilized rice resequencing data and metabolomic data collected
from the National Key Laboratory of Crop Genetic Improvement and
the National Center of Plant Gene Research (Wuhan, China)l'4l. By
integrating high-throughput sequencing technology, Hyper-seq, we
conducted genomic selection breeding for rice metabolites. We
employed five genomic selection models—GBLUP, RRBLUP, Bayes A,
Bayes B, and Bayes Lasso—to evaluate the prediction accuracy of
these metabolite traits. In this investigation, we focused on two
metabolites: L-Arginine and N-Feruloylputrescine. N-Feruloylpu-
trescine is a plant secondary metabolite belonging to the pheno-
lamide class, which plays a crucial role in defending rice against
herbivorous damagel’l. L-Arginine metabolism is closely linked to
nitrogen uptake, storage, and cycling in rice. Moreover, arginine is
essential for the normal growth of rice roots!'¢l. Exogenous applica-
tion of arginine has been shown to have the most pronounced
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effect in promoting the accumulation of photosynthetic products in
rice seedling leaves, facilitating the efficient conversion of inorganic
carbon into the organic carbohydrates required by seedlingsl'”l.
This study aimed to explore the application of genomic selection in
rice metabolite traits by focusing on these two metabolites. By inte-
grating resequencing data and Hyper-seq data, we sought to accel-
erate rice breeding, shorten the breeding cycle, reduce breeding
costs, and provide valuable insights for subsequent related research.
It is worth noting that early genomic selection (GS) solely relied
on genotype (G) information for phenotypic prediction['8], In recent
years, a substantial number of studies have incorporated environ-
mental factors (E) into the model (GxE), significantly enhancing
predictive ability'”l. However, the high cost of environmental data
collection, low repeatability, and the difficulty in standardizing the
climate-soil combinations across different experimental stations
have hindered its immediate application in large-scale breeding
programs20l, Metabolites, serving as an 'intermediate layer between
G and E,' are regulated by genotype while also responding rapidly
to environmental fluctuationsi2'l. They can be regarded as 'geno-
type-metabolite' (G x M) covariates that indirectly carry G x E
information(22, Therefore, this study aims to explore the application
value of metabolite data by integrating metabolic data and con-
sidering the influence of genotype-metabolite (G x M) interactions,
thereby expanding the data sources and generalization scope of
genomic selection (GS) breeding and constructing more robust
prediction methods. Although the phenotypic data currently origi-
nate solely from leaf samples, we have employed a dual strategy of
5-fold cross-validation combined with independent validation to
establish the baseline predictive power of G x M. Subsequently,
we will explicitly estimate the relative contributions of G x E and
G X M through multi-location trials, gradually extending
metabolite-assisted GS to real-world breeding scenarios!?3!,

Materials and methods

Data collection

We obtained genomic and metabolomic data for 524 core rice
germplasm resources from the RiceVarMap2 public data platform.
For validation purposes, 12 rice materials were provided by the
Guilin Agricultural Science Research Center, and library construc-
tion and sequencing were performed using the Hyper-seq technol-
ogy. Meanwhile, we conducted metabolite detection on the leaves
of these 12 validation samples. After freeze-drying the leaves, they
were ground into powder. Subsequently, 25 mg of each sample was
accurately weighed at low temperature into an EP tube, along with
homogenization beads. Then, 1,000 pL of extraction solution
(methanol : acetonitrile : water = 2:2:1 (V/V), containing a mixture of
isotopically labeled internal standards) was added. A Vanquish
(Thermo Fisher Scientific) ultra-high-performance liquid chromato-
graph equipped with a Phenomenex Kinetex C18 (2.1 mm X 50 mm,
2.6 um) liquid chromatography column was used for the chromato-
graphic separation of target compounds.The mobile phase A is an
aqueous phase containing 0.01% acetic acid, and the mobile phase
B is a mixture of isopropanol and acetonitrile (1:1, v/v). The sample
tray temperature is set at 4 °C, and the injection volume is 2 pul.
The Orbitrap Exploris 120 mass spectrometer can perform first-order
and second-order mass spectrometry data acquisition under the
control of the control software (Xcalibur, version 4.4, Thermo). The
detailed parameters are as follows: Sheath gas flow rate: 50 Arb;
Aux gas flow rate: 15 Arb; Capillary temperature: 320 °C; Full ms
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resolution: 60,000; MS/MS resolution: 15,000; Collision energy:
Staggered Normalized Collision Energy (SNCE) 20/30/40; Spray
Voltage: 3.8 kV in positive mode or —3.4 kV in negative mode.

Dataset processing for model training and
validation

In this study, ten types of genotype datasets were systematically
constructed to evaluate the influence of sequencing coverage and
genotype interpolation on the prediction accuracy. We initially
filtered the genotype data of 524 rice germplasm resources using
vcftools with the parameters (--minQ 30 --minDP 3 --max-missing
0.9). Subsequently, we employed bamdst (version 0.3.5) and
bedtools (version 2.30.0) to extract the overlapping regions
between the genotype data of 12 validation samples and the
filtered genotype data of the 524 rice germplasm resources. Based
on these overlapping regions, we constructed the baseline dataset
ALL. Next, we performed genotype imputation on the ALL dataset
using Beagle (version 5.4). During the imputation process, we set
the default window size to 50 Mb and the number of iterations to
ten, ultimately generating the imputed dataset ALLIP. In the cover-
age-based stratified sampling step, we screened the original dataset
according to different sequence depth thresholds. Specifically, we
extracted single-nucleotide polymorphism (SNP) sites with cover-
age levels of 24X, 210X, 215X, and 230X from the ALL dataset,
and constructed the 4X, 10X, 15X, and 30X datasets, respectively.
Meanwhile, we extracted sites with the same coverage thresholds
from the ALLIP dataset to construct the 4XIP, 10XIP, 15XIP, and
30XIP datasets. Finally, we successfully obtained ten datasets, namely
ALL, 4X - 30X, and ALLIP, 4XIP - 30XIP. The coverage distributions
of these datasets exhibited a distinct stepwise pattern.

GS model training and validation

In this study, five genomic selection models, namely GBLUP,
RRBLUP, BayesA, BayesB, and Bayes Lasso (https://easygene.console.
aliyun.com/workspaces), were employed to investigate their accu-
racy in predicting rice metabolites. We utilized a five-fold cross-vali-
dation approach to evaluate the prediction accuracy. Specifically,
the 524 rice samples were divided into five subsets, with 80% of the
samples selected as the training population and the remaining 20%
as the prediction population in each iteration. Subsequently, we
calculated the correlation between the observed and predicted
values. To ensure the reliability of the results, this process was
repeated five times, and the average of the five prediction correla-
tion coefficients was computed. Additionally, we validated the
prediction accuracy of each model using 12 rice samples that were
independent of the training population, thereby mitigating the
risk of model overfitting.

Results

Genotypic data and metabolic phenotypic data
analysis
Genotype data analysis

After aligning the sequencing data of 12 rice samples constructed
using the Hyper-seq library with the rice reference genome, it was
found that the proportion of high - quality coverage regions (cover-
age depth > 10) in the rice genome was approximately 38%. We
selected these high-quality coverage regions as the Hyper-seq
coverage regions for rice flour rice. Subsequently, high-quality SNPs
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were extracted from the 524 rice re-sequencing data located within
the Hyper-seq coverage regions of rice flour rice, resulting in a total
of 38,016 high-quality SNP sites in the Hyper-seq coverage regions.
Then, genotype imputation was performed on the genotype data of
524 rice samples and the Hyper-seq data to obtain the imputed
genotypes. For the genotype data of 524 rice samples used in the
model training and prediction sets, SNP site imputation was carried
out using Beagle 5.4 software. After imputation, the missing rate of
genome-wide SNP sites decreased from 0.34% in the original data to
0. By setting read coverage thresholds (= 4X, 10X, 15X, and all sites),
the numbers of effective SNPs in the population were 7,566 (4X),
2,276 (10X), 1,448 (15X), 622 (30X), and 38,016 (ALL).

Phenotypic data analysis

By comparing the metabolomic detection data of 524 training
and prediction samples with those of 12 validation samples, we
identified 15 metabolites that could be stably detected in both
groups of samples. These metabolites included three flavonoids,
four alkaloids, two nucleosides, two small peptides, one lipid, one
coumarin, as well as trigonelline and choline. Statistical analysis
revealed that the coefficients of variation (CV) of the contents of
these 15 metabolites in the training population ranged from 1.91%
to 9.98%. After conducting density distribution analysis on the
contents of these 15 metabolites in 524 rice samples, we found that
the content of each metabolite did not significantly deviate from a
normal distribution in the 524 samples (Fig. 1): from the analysis of
metabolite contents, in terms of distribution characteristics and
based on relevant density distribution analysis, most metabolite
contents exhibit a relatively regular distribution pattern and approx-
imately conform to a normal distribution. This indicates that
metabolite contents have a certain central tendency and symmetry
within the sample population, with a relatively concentrated value
range. The metabolite contents of most samples fluctuate around
the mean. This result implies that the content distribution of these
metabolites in rice samples possesses a certain degree of regularity
and stability, providing a reliable data foundation for subsequent
research on rice metabolites based on the normal distribution
assumption. Based on the kernel density estimation curve and the
standard normal distribution curve, we calculated the mean squared
error (MSE) of the content of each metabolite. The results showed
that the MSEs of the contents of these 15 metabolites ranged from
0.00019 to 0.00374 (Table 1). These findings indicate that the
contents of the 15 selected metabolites vary among the 524
samples and can be used for the initial training and prediction of
models.

Metabolite-genotype joint model training based
on SNP coverage optimization

During the training of five genomic selection models, we utilized
both unimputed and imputed datasets. When training with the
complete unimputed dataset, the prediction accuracy for different
traits and models ranged from 5.81% to 54.21%. Among them,
Trigonelline exhibited the highest prediction accuracy (with an aver-
age of 52.97%), while 1-Monopalmitin showed the lowest (with an
average of 12.17%). Subsequently, we extracted SNP loci with cover-
age depths greater than 4X, 10X, 15X, and 30X for model prediction.
We observed that, although the number of SNP loci with coverage
greater than 4X accounted for only one-fifth of the total SNPs, their
prediction accuracy was comparable to that achieved using all SNPs
for model training, and in some cases, even showed an upward
trend across different traits and models. When using SNP loci with
coverage greater than 10X, 15X, and 30X for model training, we
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Table 1. Descriptive statistical analysis of each metabolite.

MSE ISE CV (%)
Apigenin 0.00019 0.0016 9.98
1-Monopalmitin 0.00033 0.0014 8.22
Serotonin 0.00039 0.0027 5.93
L-Lysine 0.00050 0.0018 2.60
L-Arginine 0.00053 0.0029 4.61
Tricin 0.00070 0.0040 4.69
Trigonelline 0.00089 0.0081 7.38
Indole-3-carboxaldehyde 0.00089 0.0043 4.91
N-Feruloylputrescine 0.00114 0.0083 4.02
Luteolin 0.00120 0.0050 837
Adenosine 0.00192 0.0059 1.91
Adenine 0.00216 0.0094 435
Esculetin 0.00223 0.0130 6.55
Choline 0.00278 0.0109 3.63
Guanosine 0.00374 0.0252 3.90

MSE, mean squared error; ISE, integral square error; CV, coefficient of variation.

analyzed the prediction accuracy results and calculated the
standard deviations across different metabolites. The results indi-
cated that for two alkaloids and lipid metabolites, the prediction
accuracy began to decline significantly when using SNP loci with
coverage 215X, and the standard deviations also exhibited high
values. Notably, the GBLUP model showed a considerable deviation
from the overall performance level for Adenine and 1-
Monopalmitin. Even under these circumstances, it was evident that
when using SNP loci with coverage = 4X for training, the prediction
accuracy remained close to, or even surpassed, that achieved using
all SNPs. N-Feruloylputrescine displayed the highest standard devia-
tion (7.55%) across various models, while Serotonin showed the
lowest (0.93%). The prediction accuracy for L-Lysine, L-Arginine, and
Trigonelline was all above 40%, with relatively small standard devia-
tions of 2.67%, 2.37%, and 3.27%, respectively. Subsequently, we
imputed all genotypic data and continued with model training.

Xia et al. Tropical Plants 2026, 5: €027

The results showed that the three metabolites with the highest
prediction accuracy in the unimputed dataset (L-Lysine, L-Arginine,
Trigonelline) maintained high accuracy in the imputed dataset, but
their standard deviations decreased from the original 2.67%, 2.37%,
and 3.27% to 2.07%, 1.90%, and 4.11%, respectively. Moreover, the
overall prediction accuracy across all metabolites and models did
not significantly change after imputation. These findings suggest
that the low-coverage (4X) model can achieve prediction accuracy
comparable to that of the full-locus model, even with a substantial
reduction in the number of SNPs (only 20.1% of the full-locus data).
Therefore, when conducting GS breeding on a large scale, it is feasi-
ble to appropriately reduce the sequencing coverage depth to
lower costs while maintaining prediction accuracy.

The prediction accuracy of the independent
validation set model

Subsequently, we utilized 12 rice germplasm resources as an
independent validation set to specifically evaluate the performance
of all the aforementioned models for L-Arginine and N-Feruloylpu-
trescine. L-Arginine achieved the highest prediction accuracy using
the RRBLUP and GBLUP models, with no significant change in the
Pearson correlation coefficient between the predicted and
measured values compared to the training set (Fig. 2a). Similarly, the
predictive performance of models trained with imputed genotypic
data remained comparable to that of models trained with unim-
puted data (Fig. 2b). For N-Feruloylputrescine, the Bayes B model
demonstrated the best performance (Fig. 2¢, d). Notably, during the
prediction process for N-Feruloylputrescine in the validation set, the
metabolite exhibited greater sensitivity to the number of SNP loci
compared to L-Arginine, with a noticeable decline in prediction
accuracy as the number of SNP markers decreased. By calculating
the standard deviations of the prediction results across five models
using all SNPs, as well as SNPs with coverage depths of 4X, 10X, 15X,
and 30X, we observed that, regardless of whether the genotypic
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Fig. 2 The prediction accuracy results of the independent validation set under different models. (a) The prediction accuracy of L-Arginine in the model
trained on the genotype data before interpolation. (b) The prediction accuracy of L-Arginine in the model trained on the genotype data for interpolation.
(c) The prediction accuracy of N-Feruloylputrescine in the model trained on the genotype data before interpolation. (d) The prediction accuracy of N-
Feruloylputrescine in the model trained on the genotype data for interpolation.

data were imputed or not, the standard deviations obtained for
N-Feruloylputrescine were consistently higher than those for
L-Arginine. These findings confirm that integrating metabolomic
data can enhance the generalization ability of genomic selection
(GS) models.

Discussion

Genomic selection (GS), as a revolutionary breeding technology,
is rapidly transforming the landscape of traditional breeding. This
technique relies on high-density molecular markers spanning the
entire genome and integrates phenotypic data to enable breeders
to estimate the breeding values of individuals. Consequently, it
allows for precise selection and rapid aggregation of desirable traits.
In recent years, with the advancement of high-throughput sequenc-
ing technologies and the reduction in sequencing costs, GS tech-
nology has also made significant strides in crop breeding. Particu-
larly in hybrid crop breeding, where the genotypes of hybrid
offspring can be inferred from those of their parents, the advan-
tages of GS become even more pronounced. Currently, GS valida-
tion studies have been conducted on various crops both
domestically and internationally!24251,

The continuous development of SNP (Single Nucleotide Polymor-
phism) breeding chips for crops has provided crucial technological
support for obtaining genotype data in Genomic Selection (GS).
Currently, over a hundred chips have been developed for more than
25 crop species. Therefore, reducing the cost of individual geno-
typing has remained a research focus in GS[2627), Although gene
chip technology is relatively cost-effective compared to
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high-throughput sequencing, the cost of gene chips is still high,
especially for large-scale applications. Different types of gene chips
need to be designed and produced for specific research purposes,
which increases the complexity and cost of chip preparation. More-
over, the SNP site density of gene chips may not be sufficient to
cover all genetic variations. Gene chips require prior knowledge of
the genome-wide SNP information of a species (typically obtained
from large-scale resequencing) to select SNPs for chip design.
Consequently, their ability to detect new variations is limited(28l,
Hyper-seq technology, with its more comprehensive sequencing
scope, remarkable stability, and proven reliability in genomic selec-
tion prediction across multiple species, overcomes the limitations of
gene chips and low-coverage resequencing. By integrating with
traditional models, it significantly reduces breeding costs, enhances
the selection efficiency of key agronomic traits, injects impetus into
the development of intelligent breeding 4.0, and propels the breed-
ing industry toward a more precise and efficient new stagel”.929-32],
Rice (Oryza sativa L.) is one of the most important food crops
globally. As a monocotyledonous model plant, research on its rich
metabolome has made significant contributions to rice breeding
practices. However, there is currently a substantial gap in genomics-
based selection breeding targeting metabolites. Most studies
have focused on rice traits such as yield, plant height, grain length,
heading datel243334], rice grain appearance quality, and disease
resistancel353%l, In this study, by integrating high-density SNP data
with metabolomics analysis, we systematically evaluated the impact
of different sequencing depths on the prediction models of rice
metabolites, revealing a complex interplay between coverage opti-
mization and metabolite characteristics. Metabolites, as products of
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biochemical reactions within organisms, directly reflect the
outcomes of genotype-environment interactions. During growth
and development, plants produce a vast array of metabolites to
adapt to changing environments and various stresses. Both internal
and external factors can lead to changes in specific metabolites(37l.
This study focuses on 15 metabolites. As can be observed from
Fig. 3, prior to data imputation (taking low-coverage data as an
example), these 15 metabolites exhibited extremely significant
differences in performance across different models, with substantial
data fluctuations. Specifically, under different coverage levels or
data combination scenarios, the percentage values corresponding
to each metabolite demonstrated a high degree of dispersion. For
some metabolites (in the context of relevant model results), the
percentages were close to 0%, while for others, they exceeded 50%.
This fully indicates that without data imputation, the data quality
was highly unstable. The data of different metabolites were
constrained by the conditions of the original data, showing great
uncertainty under various scenarios, which consequently led to
marked differences in the results of models constructed based on
0.4

such data.
03
02
. il i1

ﬁ&&@@@&@@@&v
SEEEES
N

b“& "\3,\5

a 06

0.5

b 06
0.5

04

03
0.2
|

0

|

O 0 0 0 O
%/%% SHEASEGANS

!

§@§§§§§§§§s§§§

Yy 7/ y \/) 7/ 7
w$§$@@@@@w¢°6°

Tropical
Plants

After data imputation, the data exhibited markedly different char-
acteristics. The model results corresponding to the 15 metabolites
were more stable compared to those before imputation, with a
more concentrated distribution of values. Although there were still
some fluctuations, the overall data variability decreased signifi-
cantly. This suggests that during the data processing, the imputa-
tion method played a certain role in standardizing and optimizing
the data of the 15 metabolites, effectively reducing the interference
caused by the instability of the original data on the model results. By
comparing the prediction accuracy of datasets under various
models, we found that the prediction accuracy for some meta-
bolites using a subset of SNP loci even surpassed that of the full-
locus model. Specifically, the accuracy for flavonoids (L-Lysine, L-
Arginine) reached 40.2% in the 4X group (a 1.1% improvement over
the full-locus model), and after Beagle imputation, the standard
deviation was further reduced by 32% (e.g. for alkaloid m, it
decreased from 3.27% to 2.05%). Simple primary metabolites like L-
Arginine (Fig. 2a, b) exhibited remarkable stability in the RRBLUP/
GBLUP models, whereas complex secondary metabolites like N-
Feruloylputrescine (Fig. 2¢, d) showed a sharp decline in accuracy.
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Fig. 3 The prediction accuracy of each metabolism in 524 rice samples in different models. (a) The prediction accuracy of each metabolite was not
interpolated for genotypes. (b) The prediction accuracy of each metabolite after interpolation of genotypes.
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Although the Bayesian B model could partially mitigate this decline,
it could not reverse the trend. In summary, the objective of this
study is to explore and establish corresponding methods to evalu-
ate the feasibility of applying metabolic data in genomic selection
(GS) prediction. Although the sample size of the independent vali-
dation set is limited, it provides a model for subsequent research. In
future studies, we can increase the number of varieties, focus on
collecting varieties at different growth stages, and consider special
varieties. Moreover, in current analytical research, environmental
factors are often not adequately taken into account, with most
studies simply using genomic information to predict phenotypes.
Given that the environment has a significant impact on phenotypic
expression, future research should incorporate environmental
factors as fixed effects into the genomic selection (GS) breeding
models. This approach can effectively enhance the model's gene-
ralization ability, enabling it to have higher application value in
various practical breeding scenarios.

Conclusions

This study successfully integrated metabolomics data into the
genomic selection (GS) framework and explored the methodologi-
cal feasibility of utilizing metabolomic data in GS prediction. By
analyzing publicly available multi-omics data from 524 rice acces-
sions, we systematically compared the predictive performance of
five GS models and validated the biological value of metabolomics
data in genomic prediction using an independent validation set of
12 core varieties. This work lays a theoretical foundation for deve-
loping integrated multi-omics intelligence-driven breeding models,
provides a technical pathway for transitioning from 'single agro-
nomic trait prediction’ to 'multi-omics collaborative prediction,’ and
holds significant practical implications for accelerating crop pre-
cision breeding.
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