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Research on Optimization Methods for Predicting Phenotypes by Rapeseed Genes

WANG Jing', LIU Changhua', LU Xiaolian', GUAN Wenjie®

(1. School of Mathematics and Computer Science , Wuhan Polytechnic University;
2. Oil Crops Research Institute , Chinese of Agricultural Sciences , Wuhan 430048, China)

Abstract: Plant breeding refers to the process of improving the required phenotypic traits of plants, and genome prediction can help reduce
the time and cost of extensive phenotypic evaluation. In the process of rapeseed breeding, single nucleotide polymorphisms are usually used to
predict rapeseed phenotypes, thereby improving breeding efficiency. However, traditional statistical analysis methods may not achieve satisfac-
tory prediction results in some cases due to factors such as large dimensions and single models. To this end, a stacked model based on opti-
mized support vector regression and multilayer perceptron is proposed, which combines recursive feature elimination and random forest feature
selection methods. By analyzing and predicting rapeseed gene data and six phenotypes, the phenotype with the highest correlation with geno-
type is obtained. The experimental results showed that the correlation between oil content and genetic data was the highest, with a Pearson cor-
relation coefficient of 0.83, which increased the accuracy by 20% compared to using multi-layer perceptron alone.The optimized stacking mod-
el performs well in using gene to predict phenotype, significantly improving prediction accuracy and robustness.
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Fig.2 Fusion feature selection flow
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Fig. 9 Random forest regression evaluation of important features
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