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Rice is the staple food crop for half of the world’'s population.
Traditional phenotype-based and marker-assisted selection
methods have been used in rice improvement, but they are
time-consuming, costly and labor-intensive. Therefore, research
and implementation of novel breeding strategies to improve
rice yield is a high priority. Genomic selection (GS) has paved
the way for overcoming these limitations (Yu et al., 2016). The
major factor in the effective application of GS breeding models
is the construction of a large-scale training population with
genomic diversity covering the target selection materials (Fu
et al, 2022). However, the practical implementation of the
general population in applied rice breeding programmes is still
at a nascent stage, and a comprehensive assessment of
genomic predictability for various traits has likewise not yet
been undertaken.

To construct a generally representative training population, we
compiled the first Chinese cultivated rice population (CCRP),
which consisted of 4015 rice accessions from 25 Chinese
provinces covering five major rice-growing regions that account
for more than 99% of the total annual rice-growing area in China
(Figure 1a; Tables ST and S2). These accessions included 1943
indica and 2072 japonica rice accessions, more than 96% of
which were cultivars and breeding lines (Figure 1b; Tables S1 and

S2). Cluster analysis revealed that CCRP was quite different from
the 3 K population (Figure S1) (Wang et al., 2018); we believe
that CCRP represents the characteristics and genetic diversity of
rice varieties from almost all rice-growing regions in China
(Figure 1c,d). To accurately and systematically investigate the
phenotypes of CCRP, we selected seven representative sites
(Nanning city (NN), Guangxi Province; Wuhan city (WH), Hubei
Province; Nanchang city (NC), Jiangxi Province; Hefei city (HF),
Anhui Province; Kunming city (KM), Yunnan Province; Tanghai
city (TH), Hebei Province; and Gongzhuling city (GZL), Jilin
Province) in five rice-growing regions in China for two
consecutive years (Figure 1e). Yield traits have consistently been
a primary focus in rice breeding. Hence, the key traits of interest
in this study included heading date (HD), plant height (PH),
panicle length (PL), tiller number (TN), grain per panicle (GP), seed
set rate (SST), grain length (GL), grain width (GW), thousand-
grain weight (TGW) and vyield (Y) (Figures S2 and S3), and we
gathered phenotypic data over two consecutive years to assess
repeatability and rectify systematic biases within the data set
(Figure 1f,g; Figure S3).

To meet the need for genome prediction in rice breeding,
we resequenced 4015 accessions (Figure 1h-k; Figure S4) and
proposed DeepCCR, a deep learning method based on a
convolutional neural network combined with bidirectional long
short-term memory, to predict phenotypic values at different
planting sites (Figure 1l,m). To evaluate the predictive
performance of DeepCCR, we compared it to four state-of-
the-art methods (XGBoost, LightGBM, DNNGP, and GBLUP) at
seven sites. The results of the 10-fold cross-validation show
that DeepCCR achieved the best performance among all
compared methods. Specifically, at the GZL site, the prediction
accuracies of DeepCCR for the rice traits Y, HD, PH, PL, TN,
GP, SSR, GL, GW and TGW are 79.7%, 67.5%, 75.3%,
72.5%, 66.9%, 77.0%, 73.2%, 70.6%, 64.3% and 74.0%,
respectively. DeepCCR outperforms the runner-up model by
17.2%, 11.7%, 19.9%, 12.8%, 9.6%, 12.6%, 6.6%, 12.8%,
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10.3% and 12.6%, respectively (Figure S5a). Furthermore,
DeepCCR also exhibited superior performance in mean square
error (MSE) compared with existing advanced methods

(Figure S5b). The computational time results demonstrated
that the computational efficiency of DeepCCR is comparable to
other models (Figure S6).
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Figure 1 The proposed DeepCCR framework. (a) Geographical distribution of the 4015 rice accessions of the CCRP. (b) Composition of CCRP. (c) The
distribution of 4015 accessions in China’s five major rice-growing regions (Tables S1 and S2). (d) Neighbour-joining tree of CCRP. (e) Sites selected for
planting CCRP. (f) ‘Descriptors and Data Standard for Rice’ were used to measure yield-related traits. (g) Yield distribution of CCRP in seven sites in two
consecutive years. (h) Workflow for sequencing and SNP calling. (i) Distribution of MAF values for SNPs and Indels. (j) Workflow for variant filtering.

(k) Visualization of variant density across the genome (bin size = 10 kb). (I) The algorithmic framework used by DeepCCR. (m) The CCRP data sets were
divided randomly into a training data set and a test data set. Jigeng 816 was selected for independent prediction. (n) Predictive performance of different
algorithms for Y trait information in the test data set in the GZL site. (o) Performance of DeepCCR in predicting Y trait density in the test data set in seven
planting sites. (p) Performance of DeepCCR on the external validation data set Jigeng 816. The violin plot illustrates the distribution of values for the HD
(left) and Y (right) traits among local varieties. The predicted values for Jigeng 816 are marked in red.

Next, we explored the predictive performance of the models on
the test dataset and the results of the comparisons among the 10
traits at the seven sites also demonstrated the excellent
performance of DeepCCR (Figure 1n; Figure S7). In the HF site,
DeepCCR had higher genomic predictability (63.3%-78.2%) for
the traits Y, HD, PH, PL, GP, SSR, GL and TGW, with lower
predictive performance for TN and GW (Figure 1o; Figure S7a).
The DeepCCR predictor results in the GZL, TH, NC, WH, KM and
NN sites also exhibited high accuracy (Figure S7a). To compre-
hensively benchmark the predictive performance of DeepCCR, we
calculated the MSE of the model at seven sites and obtained
satisfactory results (Figure S7b). This suggested that our method is
better at making genomic predictions for Chinese cultivated rice.

We next performed an external validation of the predictive
ability of DeepCCR using Jigeng 816, the main cultivar in Jilin
Province. DeepCCR demonstrated outstanding performance in
predicting the 10 traits in the Jigeng 816 dataset (Table S3).
Specifically, the predicted Y of 1.71kg (converted to
564.3 kg/mu) and the predicted HD of 102 days are consistent
with those of actual field plantings (https:/www.ricedata.cn/).
Considering that HD and Y are key indicators for assessing the
ecological adaptability of an accession, we proceeded with the
validation and prediction of the performance of Jigeng 816 at the
remaining six planting sites. The HD of Jigeng 816 was below the
25% quantile for local varieties; however, the predicted Y in TH
and KM reached the median and 25% quantile of local varieties,
respectively (Figure 1p; Table S3). These results suggested that
Jigeng 816 exhibits relatively better adaptability to TH and KM
and can be used as a superior breeding line to assist in variety
improvement. The results also demonstrated that the DeepCCR
model excels in predicting the traits of new rice varieties.
Additionally, the model can assess the most suitable planting
sites for a given variety of rice.

To facilitate the use of the model by breeders, we constructed
a web server (www.ai-breeder.com) containing the DeepCCR
model. Users need to submit only standard FASTQ or VCF files,
and the system automatically provides prediction results for the
10 traits in different sites (Figure S8).

In this study, we constructed the first large-scale Chinese rice
population data set for rice genomic selection. We also
conducted a comprehensive multiyear, multisite phenotypic
survey and developed a companion deep neural network model
to predict phenotypes and the ecological regions adapted for
planting, as well as an easy-to-use online web server. The data set
and results presented in this study offer a framework for breeders
to quickly and efficiently breed superior rice varieties to address
global food security issues. Additionally, with the increased
number of materials in the data set and more comprehensive
collection of multi-omics data (Wu et al., 2024), the predictive

performance of DeepCCR will be further improved to enhance
crop improvement programmes.
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