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Performance
% RMSEP
Model R? RMSEP, M
ean Slope | Random
ke/d Bias Bias Bias cce

RFR | 0.60 | 0.326 4.7 5.2% 90.1 0.71

SVR | 0.53 ] 0.349 3.7 1.2 95.1 0.68
NASEM| 0.27 | 0.437 2.9 3.2 93.9 0.45

RFR, random forest regression; SVR, Support vector regression;
NASEM, NRC dairy (2021); RMSEP, root mean square error of
prediction; CCC, concordance correlation coefficient

#Statistically significant slope bias (P < 0.05) was shown in 1 out of
5 folds.

MicN cl5& 918 walhne] Ao g9 W 23
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}.

[ 2] vAEATNA(MciN, kg/d) A5S A8 7as 2dz 7])&
wele] 444 B}
Performance
% RMSEP
Model R? RMSEP, M
ean Slope | Random
ke/d Bias Bias Bias cce
RFR 0.69 52.0 4.9 14.1% 81.1 0.73
SVR |0.76 | 42.4 1.8 5.6 92.7 0.86
NASEM| 0.04 90.7 5.5%x 6.4 88.2 0.13
RFR, random forest regression; SVR, Support vector regression;

NASEM, NRC dairy (2021); RMSEP, root mean square error of
prediction; CCC, concordance correlation coefficient

*Statistically significant slope bias (P < 0.05) was shown in 2 out
of 5 folds.

#*Statistically significant mean bias (P < 0.05) was shown in 1 out
of 5 folds.
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