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7= (5-fold cross validation) H1 H7} A&

2 =(R? 0.60; RMSEP, 0.326)2} x| =(CCC, 0.71)2 LtEF
X 1. 6594 vEs Sd9ARUP, kg/d) d5S A% AdE 2dd 7|& mde HFAY Prt

Performance
Model 2 % RMSEP
R L SP, L Mean Bias Slope Bias Random Bias G
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.
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Performance
Model 2 % RMSEP
R IRHISIER, Mean Bias Slope Bias Random Bias e
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" 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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Development of Machine Learning Models for Estimating
Metabolizable Protein Supply from Feed in Lactating

Dairy Cows
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Simple Summary: Predicting how much protein from the diet is digested and used by dairy
cows is crucial for improv ing their nutrition and milk yield while achieving sustainable
cattle production. This study used novel machine learing techniques to develop models
that predict two impoertant protein-related factons rumen-undegradable protein (EUF)
and duodenal microbial nitrogen (MieN). By analyzing a large datasct from scientific
studies, we created two models using support vector regression (SVR) and random forest
regression (RFR), The results showed that our models outperformed traditional prediction
methods, providing more accurabe and precize estimates, The RFE model was the best
for predicting RUF, while the SVR model performed best for MicN. These improve ments
could help farmers and animal nutritionists formulate better diets for dairy cows, reducing
waste and improving efficiency. Future research could combine traditional and machine
leaming-based models to refine predictions further, benefiting the dairy industry and
the environment.

Abstract Accurate prediction of protein utilization in dairy cows is essential for optimiring
nutrition and milk vield to achieve sustainable cattle production. This study aimed to
dovel P novel machine learning models to Ph-‘dil-'l rumen-undegradable pmrnin {RUP} and
duodenal microbial nitrogen (MicN) based on dictary protein intake. A dataset compris-
ing 1779 observations from 436 scentific publications was used to train support vector
regression (SVR) and random forest regression (RFE) models. Ditferent predictor sets wene
identificd for each model, including factors such as days in milk (DIM), dry matter intake
(DMI), dietary fiber content, and crude protein fractions. Model performance wasevaluated
using statistical metrics, including the coefficient of determination (R?), root mean square

error of prediction (RMSEF), and concordance cormelation coefficient (CCC), with nesults
companed to exiEting NASEM (2021) models. The RFR model provided the most procise
and unbiased predictions for RUP (R? = 0.60, RMSEP = 0,326 kg/d, CCC = 0.71), while
the SVR model was most effective for MicN (R? = 0176, RMSEP = 424 g/ d, CUC = 0.86),
Both models outperformed traditional methods, demonstrating the potential of machine
kearning in improving protein utilization predictions. Future studies could explore hvbrid
approaches integrating conventional and Al-based models to enhance predictive accuracy.

Keywords dundenal microbial nitrogen; lactating Holstein cows; random forest regression;
mumen-undegradable protein; support vector regression
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