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Figure 1. Phenotypic expression of a threshold trait with one threshold and two phenotypic classes 
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Figure 2. Accuracy of genomic breeding values in different scenarios of QTL number and percent of QTL with 

dominance effect. 
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Figure 3. Bias of genomic breeding values in different scenarios of QTL number and percent of QTL with  
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Figure 4. Dispersion of genomic breeding values in different scenarios of QTL number and percent of QTL with 

dominance effect. 
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