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Abstract; Multi-trait genomic selection can use genetic and environmental correlations between traits, which holds great
promise to improve the prediction accuracy. This study proposed a genomic prediction strategy using auxiliary traits. A total of 342
maize inbred lines from a diversity panel were used as test materials. Genotyping by sequencing ( GBS) was performed and six ag-
ronomic traits were measured in the field. Each target trait was predicted based on auxiliary traits and their combinations. The
predictability was evaluated using five-fold cross-validation. The results showed that the use of auxiliary traits highly correlated
with target traits greatly improved predictability and low-heritability traits could benefit more from auxiliary traits. As the number

of auxiliary traits increased, the predictability also increased. We also compared the prediction performance of five different mod-

els combined with auxiliary traits. Overall, reproducing
kernel Hilbert space ( RKHS) model and BayesB model

performed well, while extreme gradient boosting ( XG-
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BOOST) model performed worst. This study improves the ac-

curacy of genomic prediction and provides new ideas and ref-
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Table 1 Descriptive statistics and heritability for agronomic traits of maize inbred lines
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Table 2  Correlation coefficients between six agronomic traits of
maize inbred lines
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Fig.1 Predictability of target traits (row number per ear, grain number per row, ear diameter) based on GBLUP model combined with

auxiliary traits
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Fig.2 Predictability of target traits ( panicle length, plant height, grain weight per panicle) based on GBLUP model combined with auxil-

iary traits
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Fig.3 Effects of the number of auxiliary traits on the predictability of target traits
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