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Research progress of the genetic evaluation method for livestock

LI Xuewu'2, WANG Ruijun, WANG Zhiying, SU Rui, ZHANG Yanjun. LIU Zhihong, LI Jinquan'*
(1. College of Animal Science, Inner Mongolia Agricultural University, Hohhot 010018, China;
2. College of Biological and Chemical Engineering, Panzhihua University, Panzhihua 617000, China)

Abstract To study the principle and adaptability of the estimation methods of breeding value for livestock and improve
the accuracy of breeding value estimation, literatures related to the methods of estimating breeding value published
from 2010 to 2019 are searched by using “livestock”, “estimation of breeding value”. “variance component”,
“genome selection method” and “statistical model” as keywords. China National Knowledge Infrastructure, Baidu
Scholar. Google Scholar and SCI-HUB are taken as data sources. It is found that different methods are suitable for
different research objects. and the accuracy of estimation breeding value is different in different methods. Therefore, to
estimate breeding value for livestock and improve the accuracy of estimation of breeding value of livestock, the
principles of various methods and choose appropriate estimation methods should be fully considered. More accurate
estimations of breeding values could be achieved by establishing genetic evaluation model for study and select suitable
genetic evaluation model to assist early selection, shorten the generation interval and speed up the genetic progress in
future.

Keywords livestock; breeding value; genetic evaluation method; genome
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