Machine Learning and Genomic Selection powered
digital breeding method to predict weight of onion
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Abstract

Worldwide, onion is second largest vegetable crop, which i1s widely cultivated and consumed
after tomatoes with largest genome. The factors pushed us to develop the digital breeding
framework for onion, with basic genetic breeding tools such as 1) Genomic Estimated Breeding
Values (GEBVs) that estimates BV (breeding value) and phenotype from genotype information;
2) A machine learning (ML) model that classifies groups according to the onion weight
information; 3) Generation of in silico offspring based on parental phased haplotype information;
4) Estimation of the BV and phenotype of in silico offspring using the previous statistical models
and classification analysis of elite offspring. Currently, we included 98 lines for weight trait, from
data repository and called 51,499 high-quality SNPs were cataloged in our digital breeding
framework. A case study performed to select the elite onion weight trait individuals from the
high-quality SNPs has resulted 1n 39 SNP markers, which can classify elite individuals through
ML models with an accuracy of 0.87. Similarly, this method is not limited to weight traits, but it
can be extended to various traits. This readily available genotype and phenotype information can
feed to different ML models to prioritize the elite models as per the given phenotypes. Finally, we
expect this framework will be readily applicable to various phenotype- and genotype-based
assessments.

Conclusion

A case study performed to select elite onion weight trait individuals resulted in 39 SNP markers,
which could classify elite individuals via a machine learning model with an accuracy of 0.87. In
addition, considering the crop breeding, which 1s a closed population without the introduction of
an external gene pool, and the characteristics of machine learning, in which accuracy improves
as learning data increases, this method 1s considered to be very efficient. Similarly, this method 1s
not limited to weight traits, but it 1s thought that 1t can be extended to various traits.

Results
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Figure 2. Self-prediction results using the gBLUP model by SNP weights of the parent 98 lines.

(A) Scatterplot of observed phenotypes and estimated phenotypes by gBLUP using 51,499 SNP genotype data
(correlation coefficient = 1.0); (B) Density distribution graph of estimated and observed phenotypes. The overall residuals
were observed to be 2.204 (g). Since this 1s a self-prediction result, it must be a significant overfitting result, but it is
thought that it can be partially applied to a closed group without access to external genes.
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Figure 4. Weight prediction results of in silico offspring using gBLUP and machine learning.

(A) Results of in silico progeny generation through haplotype phasing (Orange dot : parent, Black dot : offspring).
Density graph of estimated phenotypes by applying total genotype (51,499) information to the gBLUP model; (B)
Scatterplot and density plot of estimated phenotype using total SNP information and 39 selected SNP information; (C)
Principal Component Analysis (PCA) results of in silico offspring population using total SNPs (51,499) and 39 SNPs
selected through machine learning. The depth of color was represented differently according to the degree of phenotype;
(D) Classification probability graphs and accuracy results for each of the seven machine learning models.
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Figure 1. Workflow of in silico breeding
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Figure 3. Building a machine learning model for weight prediction
as a result of classification marker combination selection using association analysis and feature selection.

(A) Results of case-control association analysis according to weight traits. Based on the weight of the object, more than
320g was classified as a case and less than 241g as a control group. A total of 17 significant SNPs (< 0.05) were observed;
(B) Variable importance for each machine learning model of the 39 selected SNPs; (C) Number of SNPs according to
variant analysis and SNP selection stages; (D) Principal Component Analysis (PCA) results using total SNPs (51,499) and
39 SNPs selected through feature selection of machine learning. The depth of color was represented differently according
to the degree of phenotype; (E) Receiver operating characteristic (ROC) curve and accuracy results for each of 7 machine
learning models.
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