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Abstract

Genomic selection strives to make use of genotypic and phenotypic data, simultaneously, in order
to evaluate animals genetically in a short period of time to opt superior ones. The development of data
mining algorithms related to big data analysis in the digital era makes a great contribution to estimating
breeding values in livestock and poultry breeding. Recently, machine learning procedures and their sub-
algorithms such as Deep Learning (DL), Random Forest (RF), Support Vector Machine (SVM), and
boosting, which are categorized as non-parametric animal evaluation methods, have been introduced to
the realm of genomic selection. Machine learning algorithms not only provide breeders with much more
potential and efficiency but also they are more adapted with big data. These algorithms enable breeders
to estimate non-additive effects such as dominance and epistasis, as well as studying of complex
relationships between variables (such as marker interactions). The punch line of these algorithms is to
use training data (here the genotypic and phenotypic information of the animals in reference population)
to predict their genomic breeding values based on the genotypic information of the candidate population.
Some of these methods have been used successfully in animal genomic evaluations and they have
provided acceptable results with low error. In fact, the purpose of this study is to define machine learning
approaches and their sub-algorithms besides their role in predicting the genetic architecture of traits with
complex heritability. As a result, it is likely that using machine learning approach to find the most
efficient algorithm, along with increasing the volume of phenotypic and genomic data, will have a
significant impact on the future of livestock and poultry breeding.

Keyword(s): Machine learning, Genetic algorithm, Deep learning, Random forest, Breeding value, Non-
parametric methods
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