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Summary

The current price grid for sheep meat in Australia is based on hot carcase weight (HCWT) and carcase fat

score. In the near future, yield traits such as loin weight (LWT) and marketable traits such as intramuscular fat

% (IMF) are also likely to play a role in pricing. Hence having an accurate prediction of these traits earlier in

the life of an animal will allow sheep producers to adjust their management practices in order to achieve the

target market requirements. The traits vary significantly with both genetics and environmental factors, and

these variations can be predicted using learning algorithms that can learn from the current data to predict the

animal’s future performance. In this study, four different types of Machine Learning (ML) algorithm, namely

Gradient Boosting Tree (GB), K-Nearest Neighborhood (KNN), Model Tree (MT), and Random Forest (RF)

were employed to predict HCWT, LWT, and IMF in three scenarios based on several recorded weights during

the lifetime of the animal and a range of phenotypic measurements and weather information. Greedy stepwise

search was utilized to select the most effective feature set for prediction among all the available features. In

predicting HCWT, GB was superior with Correlation Coefficient (CC) of 0.91 and Mean Absolute Error

(MAE) of 0.71 kg. KNN had the highest performance in prediction of LWT with CC of 0.89 and MAE of 12.7

g. Prediction of IMF was extremely accurate by GB with CC of 0.99 and MAE of 0.07 %. For accurate

prediction of carcase traits accurate early weight records of sheep are necessary.
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Introduction

The ability to predict carcase traits using live on-farm measurements would be a major step forward for flock

management and farm profitability. In the Australian sheep industry, producers supplying sheep to a

processing facility are paid according to a price grid that is largely driven by hot carcase weight (HCWT), and

to a lesser degree the carcase fat score. HCWT can be predicted on a breed dressing percentage basis (Gardner

et al., 2015) but a prediction based on a range of factors, including an animal’s live weight, would offer

greater management precision. Loin weight (LWT) and intramuscular fat percentage (IMF) are becoming

increasingly important carcase traits with LWT reflecting total carcase muscularity and IMF improved eating

quality (Pannier et al., 2014) and thus consumer willingness to pay (Pethick et al., 2006). The ability to

predict these traits based on live animal measurements will allow producers to manage their livestock to target

markets. Machine Learning (ML) models use iterative learning, therefore we hypothesize that ML models can

be used to predict carcase traits with a high degree of accuracy.



Material and Methods

Weight, environmental and carcase data were collected over a period of about 10 years from the Sheep CRC
Information Nucleus Flocks as described (Van der Werf et al., 2010). After editing to remove obvious outliers,
repeated data and incorrectly recorded information, the data set contained 19851 animals that had a HCWT
ranging from 10 to 41kg, 17170 animals with LWT measurements ranging from 120 to 720 g, and 17395
animals with IMF measurements ranging from 1.5 to 10%. At slaughter, the animals ranged in age from 130
to 700 days. Animals were weighed at birth and throughout life and a range of measurements were obtained
including phenotypic traits such as worm egg count, fly severity, ultra-sound scanning of C-site fat and eye
muscle depth of longissimus thoracis measurement, weather information from the Australian Bureau of
Meteorology, and heuristic measurements of growth per day. Animals that were included in this study had
between 2 (birth and pre-weaning weight) to as many as 8 weight records (first 8 weight records) which the
latest one was measured at most 10 days prior to slaughter. Any extra weight measurements more than 8th

measured weight were discarded. The complete list of traits examined is detailed in Table 1.

Machine Learning Algorithms

ML algorithms used in this study were, Gradient boosting (GB), K-Nearest Neighborhood (KNN), Model Tree

(MT), Unpruned Model Tree (UMT), and Random Forest (RF). Machine Learning algorithms were trained

and tested on a mutually exclusive train and test set for all three traits of interest in this study. To justify the

advantage of using ML methods the performances of these ML approaches were compared with the standard

statistical prediction method, Linear Regression (LR). All of the process were conducted in R programming

language (R-Core-Team, 2016).

Gradient Boosting: is an ensemble prediction model of sequential weak learners, typically a shallow decision

tree or decision stump. Tress are grown sequentially on a modified version of the original training set. Each

tree is grown on the residuals of the previous model and are weighted by a learning rate (James et al., 2013).

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

Model Tree: is a variant of decision tree designed for numeric prediction. Divide and conquer approach is

used to partition the multidimensional prediction space of the problem and exploit the partitions. The test

instances will be predicted by a linear model derived from training instances that reach each terminal node and

stored in that leaf (Quinlan, 1992). In this study, pruned (MT) and unpruned (UMT) model trees were used

and results were compared.

Random Forest: is another ensemble method, in which ‘m’ decision trees are grown on ‘m’ bootstrap

samples of training data. To grow each tree, in each iteration a beam search is used to choose the next feature

to divide the instances (Ho, 1995, Breiman, 2001).

Evaluation



Feature selection is extremely important to eliminate the defective impact of irrelevant features, increase

efficiency of training time, and minimize the cost of future data collection in field. Forward greedy stepwise

search within Weka bench work (Frank et al., 2016) was executed through the space of attribute subsets to

select the most effective set of features for each trait from 164 available features for each trait of interest.

After imputing the missing values in each data set using proximity method (Liaw and Wiener, 2002),

parameter tuning for each method within each trait was completed on a randomly selected 20% portion of the

data with cross validation procedure in R programming language (R-Core-Team, 2016). This data were

excluded from the training process. In order to avoid an overfitting problem and investigate the variance-

biased trade off in learning algorithms, training ML algorithms were carried out on the 30 random samples on

the remaining 80% of the data with sampling rate of 80%. Following the training, each trained model was then

validated on the other 20% of the data and their performances were compared. Performance of each model was

measured based on coefficient of correlation (CC) and Mean Absolute Error (MAE) of prediction on the

testing set. Subsequently Tukey’s HSD was performed to indicate if there were significant differences between

methods in prediction performances. Uncertainty of prediction performance of each ML method for each trait

is shown in Figures 1 to 6 according to CC and MAE for each trait. All the steps of feature selection, training,

validation and evaluation were performed for three scenarios in which records of animals were truncated at 3,

6, or 8 weight measurements; herein 3WT, 6WT, and 8WT respectively. These results are shown in Table 2 for

all three traits of interest.

Results and Discussion

Hot Carcase Weight: carcase weight is currently the largest driver of profitability when selling lambs to a
processor. Prediction of HCWT using ML methods was successful. 3WT was the best performing scenario.

The best performing method for predicting HCWT in 3WT was UMT and for 6WT scenarios was GB with

UMT become the second best model. In 8WT scenario however, KNN was the best performing model with

GB the second best performing model. Contrary to our expectation, prediction performance of the methods

was slightly worsened by adding more weight and growth records to the data set from 3WT to 6WT and it was

even more noticeable for 8WT.

Loin Weight: Loin is the most valuable cut of the carcase. Hence having an accurate prediction can be

valuable for sheep producers and processors. In the prediction of loin weight, the KNN method outperformed

all other prediction methods in this study when 3WT, 6WT or 8WT scenarios were considered. In all three

scenario GB was the second best performing method of prediction. Similar to HCWT performance of all

models deteriorates from 3WT to 8WT.

Intramuscular Fat: It is likely that IMF will form part of the basis for pricing lamb in the near future. LR
was the best performing method in all scenarios with 0.97 correlation and MAE of 0.1 for 3WT. Similar to the
other traits, overall performance in the 8WT scenario was sub optimal compared with other scenarios.
However contrary to other two traits in this research 6WT scenario was slightly better than other two weight
scenarios. Research in sheep indicates that adipocyte development is determined relatively early in life
(McPhee et al., 2008), which aligns well with these findings.

Overall Conclusion:



Overall sheep carcase traits were effectively predicted using ML approaches in this study. Interestingly for two

the three traits of interest, the 3WT scenario had the highest performance in prediction accuracy and 8WT had

the lowest, while 6WT showed the best performance for IMF% and an intermediate performance for HCWT

and LWT and it was closer to the performance of 3WT rather than 8WT. While the result was unexpected, it

may in part be due to different patterns in growth for different sexes and different amounts of wool production

which varies between breeds as their age increase. Furthermore, the variation in ages between animals with 8

weights may contribute to the erosion of prediction precision. Therefore, we can conclude that earlier weight

and growth rate records are the main determinants of carcase traits in sheep as it can be measured more

uniformly across all breeds and production systems. Collection of accurate early age records in lamb can

enable sheep producers and meat processors to accurately predict carcase weight and quality, early during the

growth of the lamb, allowing producers to adjust their management decision in order to meet the target market

requirements.
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Appendix

Table 1. Definition of the model features used in each prediction model for hot carcase weight (HCWT; kg), loin weight (LWT; g) and
intramuscular fat (IMF; %) within 3, 6, and 8 weight scenario by forward greedy stepwise search. Presence of each feature in the model has
declared by a tick sign.

HCWT (kg) LWT (g) IMF (%) Definition
Model terms 3WT 6WT 8WT 3WT 6WT 8WT 3WT 6WT 8WT
AGE_SL          Age at slaughter

CFAT     C-site fat ultra sound measurement (mm)

DAM TYPE    Breed of Dam

EMD   Eye muscle depth ultra sound measurement (mm)

FLY
SEVERITY

   Fly strike severity score (1-3)

FS_HCWT  Average of HCWT within flock within sire type (kg)

FY_LWT  Average of LWT within flock in slaughtered animals in previous year
(g)

FYS_HCWT    Average of HCWT within flock within sire type in slaughtered animals
in previous year (kg)

FYS_IMF    Average of IMF within flock within sire type in slaughtered animals in
previous year (%)

FYS_LWT   Average of LWT within flock within sire type in previous year (g)

GR1         Rough heuristic estimate of growth between 1st and 2nd weight

GR2     Rough heuristic estimate of growth between 2nd and 3rd weight

GR3    Rough heuristic estimate of growth between 3rd and 4th weight

GR5   Rough heuristic estimate of growth between 4th and 5th weight

GR6  Rough heuristic estimate of growth between 5th and 6th weight

GR7   Rough heuristic estimate of growth between 6th and 7th weight

PSWT    Pre-slaughter weight (kg)

RAIN1   Average of rain fall in the 1st month after birth (mm)

RAIN11  Average of rain fall in the 11th month after birth (mm)

RAINAV_3   Average of rain fall in the last 3 month prior to birth (mm)

SEX    Sex of animal (ewe, wether)

SIRE TYPE  Breed of Sire

WT_1  1st weight measurement of animal (at birth) (kg)

WT_3   3rd weight measurement of animal (roughly at 90 days) (kg)

WT_6  6th weight measurement of animal (roughly at 180 days) (kg)

WT_SC   weight of animal at ultra-sound scanning (kg)



Table 2. Correlation coefficient (CC) and mean absolute error (MAE) for predicting hot carcase weight (kg),
loin weight (g), and intramuscular fat (%) by machine learning methods using 3, 6, or 8 weight records.

3WT 6WT 8WT

CC MAE CC MAE CC MAE
Hot Carcase Weight

GB* 0.89b 0.79b 0.89a 0.79a 0.71b 1.53b

KNN* 0.87d 0.85c 0.86c 0.89c 0.81a 1.07a

LR* 0.88c 0.92d 0.88b 0.94d 0.70b 1.57c

MT* 0.78f 1.24f 0.78e 1.26f 0.68d 1.65e

RF* 0.79e 1.19e 0.80d 1.13e 0.69c 1.60d

UMT* 0.90a 0.74a 0.89a 0.82b 0.68d 1.61d

Loin Weight
GB 0.84b 16.70b 0.82c 18.44b 0.50b 31.64b

KNN 0.87a 14.24a 0.86a 15.08a 0.59a 25.57a

LR 0.84b 18.10d 0.84b 18.48b 0.51b 32.14c

MT 0.79c 20.31f 0.80d 20.45c 0.50b 32.29c

RF 0.80c 19.19e 0.78e 20.99d 0.50b 31.38b

UMT 0.84b 17.11c 0.83c 18.21b 0.47c 33.87d

Intramuscular Fat
GB 0.96b 0.13b 0.97b 0.11b 0.95b 0.14b

KNN 0.92d 0.18d 0.92c 0.18c 0.91c 0.19c

LR 0.97a 0.10a 0.98a 0.09a 0.96a 0.13a

MT 0.92c 0.17c 0.91d 0.19c 0.96ab 0.13a

RF 0.79e 0.33e 0.83e 0.29e 0.82d 0.29e

UMT 0.92cd 0.19d 0.91cd 0.19d 0.91c 0.19d

*Gradient Boosting Tree (GB), K-Nearest Neighborhood (KNN), Linear Regression (LR), Model Tree (MT), and Random
Forest (RF), Unpruned Model Tree (UMT). Values within trait, evaluation criteria and weight record category with different
subscripts differ significantly (P<0.05).



Figure 1. Boxplots illustrating the uncertainty in prediction accuracy of hot carcass weight in 3 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to
correlation coefficient and mean absolute error.

Figure 2. Boxplots illustrating the uncertainty in prediction accuracy of hot carcass weight in 8 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to
correlation coefficient and mean absolute error.

Figure 3. Boxplots illustrating the uncertainty in prediction accuracy of loin weight in 3 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to



correlation coefficient and mean absolute error.

Figure 4. Boxplots illustrating the uncertainty in prediction accuracy of loin weight in 8 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to
correlation coefficient and mean absolute error.

Figure 5. Boxplots illustrating the uncertainty in prediction accuracy of intramuscular fat in 3 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to
correlation coefficient and mean absolute error.



Figure 6. Boxplots illustrating the uncertainty in prediction accuracy of intramuscular fat in 8 weight scenario by gradient
boosting tree, k-nearest neighbor, linear regression, model tree, random forest, and unpruned model tree, according to
correlation coefficient and mean absolute error.


