Prediction of marbling in Wagyu crossbred steers from crush data and metabolomics using
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Marbling is a carcass trait that increases the tenderness, eating quality and flavour of beef (Gotoh et al. 2014).
Metabolomics is an analytical technique that measures the small molecules in cells, tissues or bodily fluids
(Goldansaz et al. 2017). Connolly et al. (2019) have previously shown significant relationships between marbling
and blood metabolites measured in Wagyu steers 300-400 days before slaughter. Machine learning techniques could
be used to develop prediction models to identify Wagyu steers with superior carcass attributes making the
production system more efficient. The hypothesis of the present study was that on-farm measurements can be
combined with metabolomics data to improve prediction of marbling in Wagyu crossbred steers.
On farm data included weaning weight, feedlot induction weight, age at induction, age at slaughter, growth rate,
Wagyu percentage and sire. The metabolic data included 219 features or peaks some of which belonged to identified
metabolites and some to unknown chemical compounds. Four machine learning methods were used to predict
intramuscular fat or marbling measured at the 12/13th rib and then animals classified either as low or high marbling
(Aus-Meat marbling score < 7 or ≥ 7, respectively). The machine learning methods included Naïve Bayes, Random
Forrest and two Decision Tree methods (pruning the tree either using 1 standard deviation or according to tree
depth). The data for both models was split into training (70%) and evaluation (30%), and results are presented for
the later only. The Naïve Bayes and Decision Tree Depth model most accurately predicted marbling in model 1
using on-farm data only (Table 1). However, Naive Bayes showed the highest accuracy to predict marbling using
both on-farm and metabolomics data (Table 1).
Table 1: Accuracy, sensitivity and specificity of predicting marbling in Wagyu crossbred steers using four machine
learning methods (Naive Bayes, Decision Tree Classifier - 1 SE (standard error), Decision Tree Max Depth and Random
Forests).
Model 1: On-farm collected data as predictors of marbling
Accuracy
Sensitivity
Specificity
Naïve Bayes
0.667
0.667
0.667
Decision Tree
0.500
0.467
0.556
Decision Tree Depth
0.667
0.567
0.833
Random Forest
0.604
0.900
0.111
Model 2: On-farm collected data and metabolomics data as predictors of marbling
Naïve Bayes
0.833
0.833
0.833
Decision Tree
0.646
0.767
0.444
Decision Tree Depth
0.688
0.767
0.556
Random Forest
0.646
0.867
0.278

Results of the present study demonstrate the potential of metabolomics to improve prediction of marbling in live
animals comapred to using on-farm data only. Studies similar to the present could not be found. However, Gredell
et al. (2019) utilised differnet machine learning models to predict meat quality traits and tenderness was predictws
with 81.4-90.8% accuracy from Rapid Evapouration Ionisation Mass Spectrometry data. In the present study, the
ability of the machine learning models to predict marbling on the live animal were enhanced by the inclusion of
data collected on-farm and metabolic data in crossbred Wagyu steers. However, further evaluation on an external
dataset would be required before the model could be commercially utilised.
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