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Summary

Accurate predictions of carcass weight (CWT) and beef quality, such as marbling score (MS) and
striploin (StrLn) have an important role in the premium beef market. The earlier this prediction can be
available in the lifetime of an animal the more valuable it is for producers and the meat supply chain
from abattoir to supermarkets. As carcass traits are extremely breed specific and can be affected
significantly by the nutrition regime of the region, it is important to have an algorithm that can learn from
the current data to predict the animal’s future performance. In this study four different types of Machine
Learning (ML) algorithms, namely Gradient Boosting Tree (GB), K-Nearest Neighborhood (KNN),
Model Tree (MT), and Random Forest (RF) were employed to predict MS, CWT and StrLn based on 12
and 24 months of biophysical and ultrasonic measurements of Hanwoo Korean Beef Cattle. The
performances of these ML algorithms were compared with Linear Regression (LR) as the gold standard
for polynomial prediction and the best prediction model for each trait was chosen in a forward-validation
framework within two scenarios. A Genetic Algorithm (GA) was used to select the most effective feature
set among all available predictors. To predict carcass weight, RF was superior with a correlation
coefficient (CC) of 0.87, 0.98 and mean absolute error (MAE) of 16.22 and 7.12 kg when using 12 and
12 plus 24 month records respectively. The best prediction of StrLn was with RF when only 12 month
records were used with 0.78 and 2.18 kg for CC and MAE respectively. However, when 24 months
records were added to the feature set, LR was the superior algorithm with 0.88 and 1.61 kg for CC and
MAE respectively. Prediction of MS was challenging as one might expect, in this case LR was the best
performing model when 12 month records were used with 0.43 for CC and 0.96 for MAE. MT was the
leading model to predict MS when 12 and 24 month records were used with a CC and MAE of 0.54 and
0.85, respectively.
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Introduction

Hanwoo is the most important native Korean cattle and its history traces back 5,000 years (Jo et al.,
2012). Over this long timespan the purpose of these cattle has evolved from farming, transportation and
religious sacrifice to beef production (Lee et al., 2014). Hanwoo beef has unique marbling characteristics
which confer a special tenderness, juiciness and unique flavour to the meat, making it highly sought after
by consumers at premium prices (Han and Lee, 2010, Kim et al., 2010, Jo et al., 2012). It has also been
reported that Hanwoo has a healthier fatty acid composition in comparison to other breeds (Jo et al.,
2012) which makes them even more attractive to consumers. Because of these reasons, Korean cattle
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breeding policies are primarily focused on the improvement of marbling and yield of the Hanwoo cattle.
Both quality and carcass yield determine the price of the animal, with marbling being the major
qualitative factor that determines the carcass grade in the Korean beef industry (Park et al., 2002, Kim et
al., 2010, Alam et al., 2013). Breeders are often motivated to prolong feeding periods to achieve better
marbling scores, even if this leads to undesirable increases in back fat thickness.

Accurate predictions of carcass weight (CWT) and quality metrics, such as marbling score (MS) and strip
loin (StrLn) play an important role in the premium beef market. The earlier this prediction can be
available in the lifetime of an animal the more valuable it is for producers and the meat supply chain
from abattoir to supermarkets. As carcass traits are extremely breed specific and can be affected
significantly by the nutrition regime of the region, it is important to have an algorithm that can learn from
the current data to predict the animal’s future performance. In this study four different types of Machine
Learning (ML) algorithms, namely Gradient Boosting Tree (GB), K-Nearest Neighborhood (KNN),
Model Tree (MT) and Random Forest (RF) were employed to predict MS, CWT, and StrLn based on 12
and 24 months of biophysical and ultrasonic measurements of Hanwoo Korean Beef Cattle.

Material and Methods

Data: The present study analyzed the records of 1,885 Hanwoo males raised under the Korean National
Hanwoo Cattle Improvement System from 1997 to 2013. These animals were part of a progeny test
program. Young calves were collected from 74 breeding herds and raised in separate batches (based on
year/season of birth) from 7 breeding stations to fulfil the aims of the targeted programs. In general, 2
batches of animals eligible for inclusion in either program were available for each of the 4 seasons in
each production year: winter, spring, summer and fall. Male yearling weight was recorded at all stations,
whereas carcass traits and primal-cut proportions were measured at 4 test locations. The yearling weights
were measured approximately at 12 months of age.

Machine Learning Algorithms

Five different Machine Learning approaches were trained and tested on a mutually exclusive test set for
each trait. The performances of these ML approaches were compared with the standard statistical
prediction method, Linear Regression (LR). ML algorithms used in this study were, Gradient boosting
(BG), K-Nearest Neighborhood (KNN), Model Tree (MT), Unpruned Model Tree (UMT) and Random
Forest (RF).

a) Gradient Boosting: is an ensemble prediction model of sequential weak learners, typically a
shallow decision tree. Tress are grown sequentially on a modified version of the original training
set, namely the residuals of the previous model and are weighted by a learning rate (James et al.,
2013).

b) K–Nearest Neighborhood: is a type of instance-based learning method, which instead of creating
any rules or weights, the training instances are instead stored and the new data is classified by
relating it to the user defined ‘k’ nearest instance using a distance metric (Witten and Frank,
2005).

c) Model Tree: is a variant of decision trees designed for numeric prediction. A divide and conquer
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approach is used to partition the multidimensional prediction space of the problem and exploit the
partitions. Values for test instances are predicted by a linear model derived from the training
instances that reach each terminal node and are stored in that leaf (Quinlan, 1992).

d) Random Forest: is another ensemble method, in which many predictors will be used on ‘m’
bootstrap samples of training data and is combined with a random selection of a subset of features
to generate each of those predictors (Ho, 1995, Breiman, 2001).

Evaluation

Performance of each model was measured based on the correlation coefficient (CC) and mean absolute
error (MAE) of prediction on the testing set. Additionally, a Genetic Algorithm was used to select the
most effective set of features for each trait. Feature selection is extremely important. In essence, it
eliminates the negative impact of irrelevant features, increases efficiency of the training time, and
minimizes the cost of future data collection in the field. Full and GA selected feature sets for each trait
are shown in Table 1.

The first 1,700 animals, according to their date of birth, were considered as the training set and the
youngest 185 animals were considered as the testing set. As our training set is relatively small, in order to
avoid an overfitting problem, the training ML algorithms were carried out on a 100-bootstrap sample of
the training set with sampling rate of 0.8. Each trained model was then forward-validated on the testing
set and its performance compared to the other models. Subsequently, Tukey’s HSD test was performed to
evaluate if there were significant differences between the models in prediction performances. These
results are shown in Table 2 for all three traits of interest. Uncertainty of prediction performance for each
ML method and each trait and feature set is shown in figures 1 to 12 according to CC and MAE for each
trait.

Results and Discussion

Marbling score: Prediction of marbling score based on 12 month records was challenging. LR had the

best performance in terms of MAE and CC when the full feature set of biophysical and ultrasonic
measurements were used to predict MS. Although LR maintained its rank in prediction of MS when the
most effective subset of features selected by the GA were used for prediction, the performance of the
model deteriorated noticeably. In both cases MT and UMT were the next best performing methods to
predict MS based on 12 months records of animals. When adding the same biophysical and ultrasonic
measurements at 24 months of age as well as age and weight at slaughter, there were no significant
differences in the performances of MT and LR to predict MS; however, when the GA selected features
were used it was the RF that outperformed all other methods a CC even better than MT when using the
full set. It shows the power of ensemble methods when combined with an effective feature pre-selection
method, in our case a GA. In general prediction of MS was not very accurate, it can be due to the skewed
distribution of the records in which there were few records with MS 7 and above and the majority of the
records were of MS between 2 and 4. A more balanced dataset and further evaluation of other learning
algorithms for prediction of MS is recommended. Moreover, inclusion of feeding information can greatly
improve the prediction of MS.

Carcass Weight: In order to predict carcass weight from early biophysical and ultrasonic
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measurements of the cattle a similar approach to MS was used. In all cases RF was the leading method to
predict CWT both in terms of CC and MAE. One could choose RF for prediction of CWT either from 12
months or a combination of 12 and 24 months records. Obviously, prediction of CWT from the latter
would provide a more precise prediction, which can be useful for abattoirs to price animals. Nevertheless,
prediction of CWT at an earlier age is of more interest to the farmers so that they can adjust their feeding
practices and make culling decisions. As shown in Table 3, RF is still able to provide the most accurate
prediction of CWT.

Striploin Weight: As StrLN is the most valuable cut of the carcass, having an accurate prediction of

the trait at an early age as well as a prediction close to the slaughter time would be extremely valuable
both for farmers and abattoirs. Having insights on StrLN at an earlier age can help farmers in their
culling decisions. It can also help them to choose more cost-effective feeding policies at the individual
animal level and make decisions on market allocation. RF outperformed all other methods in predicting
StrLN from the full set of features at 12 months of age with a CC of 0.78 and only 2.18 MAE. However,
feature selection by GA changed the game in favor of MT and LR, with RF running behind with an only
1% lower CC compared to MT and LR, while there were no significant differences in performance of
UMT and RF with MT and LR in terms of MAE. When including the same biophysical and ultrasonic
measurements at 24 months of age as well as slaughter age and weight, LR had the best performance with
no significant differences with MT in CC but slightly better MAE. The GA selected subset for 12 plus 24
months records gave RF an advantage similar to what was observed in MS and CWT.
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Appendix

Table 1. Features used in the ML models to predict MS, CWT, StrLN in the Hanwoo Korean Beef cattle.

Marbling Score Carcass Weight Strip Loin

12 M 24 M 12 M 24 M 12 M 24 M

Features
Full
set

GA
Set

Full
set

GA
Set

Full
set

GA
Set

Full
set

GA
Set

Full
set

GA
Set

Full set
GA
Set

Birth Month            

Age_12M       

Weight_12M       

Wither height_12M         

Hip_height_12M         

Body_length_12M         

Chest_depth_12M         

Chest_width_12M        

Rump_width_12M        

Rump_length_12M          

Hipbone_width_12M          

Chest_girth_12M        

USG_Body_weight_12M       

USG_Fat_per_12M        

USG_EMA_12M          

USG_BFT_12M         

USG_Rump_fat_thickness_12M         

Age_24M     

Weight_24M    

Wither height_24M   

Hip_height_24M    

Body_length_24M     

Chest_depth_24M      

Chest_width_24M   

Rump_width_24M   

Rump_length_24M      

Hipbone_width_24M    

Chest_girth_24M     

USG_Body_weight_24M      

USG_Fat_per_24M    

USG_EMA_24M     

USG_BFT_24M     

USG_Rump_fat_thickness_24M     
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Age_Slaughter      

LiveWeight_Slaughter      

SireEBV_CWT        

SireEBV_MS    
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Marbling Score Carcass Weight Strip Loin

12 M 12 & 24 M 12 M 12 & 24 M 12 M 12 & 24 M

CC MAE CC MAE CC MAE CC MAE CC MAE CC MAE

Full set

GB 0.26e 1.09e 0.46c 0.98c 0.85c 20.38e 0.96d 14.65d 0.74d 2.64d 0.85c 2.17e

KNN 0.34d 1.03d 0.41d 0.97c 0.85c 17.76d 0.95e 11.80c 0.76b 2.31c 0.84d 1.96d

LR 0.43a 0.96a 0.54a 0.85a 0.86b 16.35b 0.97b 7.30b 0.76c 2.24b 0.88a 1.61a

MT 0.41b 0.98b 0.54a 0.85a 0.86b 16.46c 0.97b 7.30b 0.76c 2.24b 0.88a 1.62b

UMT 0.34d 0.98b 0.48b 0.85a 0.83d 16.46c 0.96c 7.30b 0.70e 2.24b 0.84e 1.62b

RF 0.40c 1.00c 0.53a 0.88b 0.87a 16.22a 0.98a 7.12a 0.78a 2.18a 0.87b 1.70c

GA set

GB 0.11c 1.10b 0.36g 1.01e 0.81c 21.27d 0.97b 13.74d 0.70a 2.69c 0.82e 2.34e

KNN 0.09e 1.14c 0.46e 0.95d 0.84a 18.31c 0.95d 12.02c 0.69c 2.55b 0.84c 1.95d

LR 0.15a 1.09a 0.52c 0.88c 0.84b 17.52b 0.97b 7.19b 0.71a 2.44a 0.87b 1.68b

MT 0.13b 1.10b 0.53b 0.87b 0.84b 17.54b 0.97b 7.19b 0.71a 2.44a 0.87b 1.69c

UMT 0.11d 1.10b 0.48d 0.87b 0.82c 17.54b 0.96c 7.19b 0.68d 2.44a 0.83d 1.69c

RF 0.08f 1.15c 0.55a 0.85a 0.84b 17.41a 0.97a 7.09a 0.70b 2.44a 0.88a 1.66a

Table 2. Correlation coefficient and mean absolute error for prediction of marbling score, carcass weight and strip loin by ML methods
using 12 M and 12 plus 24 month records considering the full set of features and the GA selected set of features.



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.(insert paper number here)

Figure 1. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to correlation coefficient
and mean absolute error when predicting MS using the full feature set at 12 months of age.

Figure 2. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to correlation coefficient
and mean absolute error when predicting MS using the full feature set at 12 and 24 months of age.

Figure 3. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting MS using GA selected set features at 12 month age records.
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Figure 4. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting MS using GA selected set features at 12 &24 month age records.

Figure 5. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting CWT using full set features at 12 month age records.

Figure 6. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting CWT using full set features at 12 & 24 month age records.
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Figure 7. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting CWT using GA selected set features at 12 month age records.

Figure 8. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting CWT using GA selected set features at 12 & 24 month age records.

Figure 9. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation coefficient
and Mean absolute error when predicting StrLn using full set features at 12 month age records.

Figure 10. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation
coefficient and Mean absolute error when predicting StrLn using full set features at 12 & 24 month age records.
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Figure 11. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation
coefficient and Mean absolute error when predicting StrLn using GA selected set features at 12 month age records.

Figure 12. Illustration of uncertainty in prediction performance of GB, KNN, LR, MT, UMT, RF according to Correlation
coefficient and Mean absolute error when predicting StrLn using GA selected set features at 12 & 24 month age records.


