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ABSTRACT

The use of Machine Learning Algorithms (MLAs), though not so much a novelty, is finding
applicability in animal production. They are statistical models extensively used to make inferences
on the relationships between a predictor variable (predictors) and what is being measured in farm
animals. Increasingly, MLAs are being used to predict and forecast productivity indices in farm
animals. While linear regression is one of the most commonly used MLA for predictive model
building, others include but not limited to: Decision Trees (DT), Support Vector Machines (SVM),
Artificial Neural Networks (ANN), Multivariate Adaptive Regression Spline (MARS), Random Tree
(RT), Regression Forest (RF), K-Nearest Neighbour (KNN), Stacking Machine Learning Algorithm
(SMLA), and Gradient-Boosting Methods. Application of these algorithms and many others not
listed are manifold and include but not the least: identification of animals, monitoring animal
welfare issues, sex determination, vaccine delivery, disease and pest surveillance, milk production
and quality evaluation, meat science, genomic prediction for livestock breeding, analysis of animal
behaviour, and even in pasture evaluation. The machine learning models ability to make
predictions with enough accuracy makes it the right adoption choice. When applied to animal
production, MLAs are mostly evaluated through standard metrics, which include Akaike
Information Criterion (AIC), Bayesian Information Criterion (BIC), Root Mean Squared Error
(RMSE), and the coefficient of determination (R2). This narrative review aims to point out some of
the available machine learning algorithms available to farmers and scientists and the various fields
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of animal production in which they can find application. Also highlighted are some of the problems
associated with their usage. In conclusion, using the appropriate machine learning algorithm could
help improve many traits of economic importance in farm animals.

Keywords: Animal production, Artificial intelligence, Machine learning algorithms, Machine
leaning, Models, Prediction, Problems of usage, Validators.

INTRODUCTION

The progress in agriculture, generally, and specifically in livestock farming, in the last century, is
astonishing. With the help of modern technology and advanced machinery, farm animals'
productivity has been significantly maximised. This revolution and the digital age have birthed the
smart farming era, which involves adopting advanced technologies and data-driven farm operations
to optimise and improve sustainability in agricultural production. From poultry and dairy cows to
pigs and beef cattle, Machine Learning (ML) and Artificial Intelligence (AI) based systems have
led to the improvement of livestock production and improved management (Iyiola-Tunji et al.,
2021). This improvement covers all aspects of animal production: nutrition, health, meat and dairy,
fodder and pasture production, animal breeding and genetics, reproductive physiology, welfare
issues and so on (Figure 1)
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Figure 1: Explanatory chart on the type of data collected, how they are collected, and how machine
learning algorithms might interpret it to create optimal growth conditions in dairy farming
Source: Neethirajan (2020a)

Machine Learning (ML) can be defined as a branch of Artificial Intelligence (Al), and or can be
regarded as a wider subject encompassing Deep Learning (DL) which is a neural network produced
by no less than three layers, and making a pyramid of subsets formed by AI, ML, and DL
individually (Neethirajan, 2020a). ML and DL offer advanced methods for analysing large datasets,
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as is commonly found in livestock-related productive activities. These approaches allow for the
drawing out of priceless insights to addressing critical issues related to animal behaviour, their
health, reproduction, productivity, and the environment; all these aid in carrying out informed
management decisions. Data collection to facilitate the use of ML is multifaceted. This varies from
simple (biometric and morphometric measurements) to sensors capable of measuring or detecting
biological, chemical, physical, and mechanical properties or their combinations (Neethirajan,
2020a).

Sensors are classified into two groups: attached and non-attached, and include accelerometers
(Morrone et al., 2022), Global Positioning System (GPS) and radio frequency identifiers (Berry,
2023), pedometers, pressure platforms (Nejati et al., 2023), environmental, microphone and facial
recognition machines (Neethirajan, 2020a), intra-ruminal (Schori and Miinger, 2022), and mount
detectors. Computer vision techniques in livestock production systems are expanding mainly
because they can obtain non-invasive, real-time, and very accurate animal information (Oliveira et
al., 2021). The camera used when applying these techniques may affect the type/quality of data
collected; Red, Green and Blue (RGB) cameras for instance, can easily identify changes in colour
and movement (even though precision may be lost with multiple animals monitoring at the same
time), as each animal occupies fewer pixels in the video frame (Wu et al., 2023); infrared
thermographic cameras can measure image heat radiation emitted by an object, and therefore, offer
insights concerning the animal’s body temperature; also, 3D cameras can reconstruct the animal’s
anatomy and thereby, are helpful in analysing anatomical asymmetries (Abdul Jabbar et al., 2017).
Tridimensional cameras capture images with depth information, creating a 3D scene view. They
could also be used in evaluating animal health and production by indirectly measuring parameters
such as body weight and body condition score (Qiao et al., 2021). The processes involved in the
usage of sensors for data collection to apply MLAs are given in Figure 2
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Figure 2: The processes involved in data collection and analysis
Source: Neethirajan (2020a)

Machine learning algorithms will continue to play essential roles in evaluating traits of economic

importance in farm animals, such as body weight; it is one of the most significant features in farm

animal selection and production and in evaluating an animal’s performance. Body weight

prediction is essential for breeders, especially in their quest to correct the amount of feed given and

eaten, the health status, and the ideal doses of pharmaceuticals to give to animals for treating
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disease occurrences without leaving excess to accumulate in meat and eggs. However, predicting
this trait in animals with a high degree of predictive proficiency is a challenging prospect for
practitioners, especially smallholder farmers. Despite this, many traditional prediction methods
have been used by researchers for predicting it in farm animals based on measured morphological
traits (Celik and Yilmaz, 2018; Faraz et al., 2021; Tyasi et al., 2021; Yavuz and Sahin, 2022). To
use these methods (most of which involves multivariate statistical methods where classical
regression approach is used), certain assumptions: linearity, normality, existence of
multicollinearity, and constant variance which limit their applicability must be overcome; If
neglected, it may affect the validity and accuracy of the models to be used leading to misleading
results. To overcome these limitations, alternative methods, especially those not needing to answer
to the assumptions, or that are more flexible, are required (Tirink, 2020; Yavuz and Sahin, 2022).
That is where MLAs come into play. They have been put forward to eliminate the problems
highlighted earlier (Tyasi ef al., 2021; Kurnaz et al., 2021).

COMMON MACHINE LEARNING ALGORITHMS

Many MLAs and models are used in animal production. To mention them all is impractical.
However, the commonest ones are linear regression, logistic regression, Support Vector
Machine (SVM), Decision Tree (DT), Naive Bayes, k-Nearest Neighbour (kNN), K-Means,
Random Forest (RF), Adaptive Boosting (AB) or AdaBoost, Gaussian Mixture Models (GMM),
Convoluted Neural Network (CNN), kernel based algorithms, deep neural networks, Recurrent
Neural Network (RNN), Dimensionality Reduction Algorithms (DRAs), Gradient Boosting
algorithms (GBM; XGBoost; LightGBM; CatBoost); GB, Linear Discriminant Analysis (LDA),
classification and regression trees, Learning Vector Quantization (LVQ), and Stochastic Gradient
Descent (SGD). The most common programming languages to implement these ML models
include Python, C++, Java, R, Julia, Go, Haskell, JavaScript, Scala, and Lisp.

CLASSIFICATION OF MACHINE LEARNING ALGORITHMS

Machine learning algorithms are classified into four major classes: supervised, unsupervised, semi-
supervised, and reinforcement learning algorithms (Zaki et al., 2020).

Supervised Machine Learning Algorithms

These algorithms learn through a function that maps an input to an output using a historical sample
of input-output pairs (Sarker, 2021). They use labelled training data and training examples to make
an inference. They are divided into regression and classification algorithms. While regression aims
to understand the underlying relationship between a dependent variable (response variable) and
one or more independent variables (predictors), classification algorithms are recursive; they
categorise data into distinct classes or labels (Sen et al., 2020). Classification algorithms are mainly
used to predict the outcome of a given problem based on input features. The most popular
regression algorithms include linear regression, DT, RF, and Support Vector Regression (SVR).
The most popular classification algorithms are Naive Bayes, KNN, and SVM. Supervised learning
algorithms require considerable training data; they are cost-effective but involve time-consuming
processes (Reddy et al., 2018).
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Unsupervised Machine Learning Algorithms

Built to work with unlabelled data, these don’t rely on predefined categories; instead, they learn by
exploring the data on their own, to uncover hidden patterns, underlying structures, and meaningful
relationships, essentially making sense of the unknown without any prior guidance (Naeem ef al.,
2023). They mostly find application in clustering, density estimation, feature learning,
dimensionality reduction and anomaly detection tasks. Examples of the most popular algorithms
in this category are K-Means and Principal Component Analysis (PCA) algorithms. The major
drawback of these algorithms is that they cannot accurately cluster unknown data (Reddy et al.,
2018).

Semi-supervised Machine Learning Algorithms

These algorithms are a hybrid of supervised and unsupervised approaches, whose main objective
is to overcome the drawbacks of supervised and unsupervised learning. These can learn with a
small amount of labelled training data and automatically label the unknown/test data. These
algorithms are instrumental in scenarios where labelled data is limited but unlabelled data is
abundant (Van Engelen and Hoos, 2020). Self-training and co-training are some of the most
popular features of these algorithms. Low accuracy, transparency and challenges in handling
complex or diverse datasets are some of the shortcomings of these methods.

Reinforcement Learning Algorithms

These algorithms teach agents how to make better decisions over time by learning from experience.
Like humans learn through trial and error, reinforcement learning enables machines to interact with
their environment, try different actions, and learn from the results. Depending on whether their
actions lead to positive (reward) or adverse (penalty) outcomes, they continue to adjust their
behaviour to achieve the best possible results (Ding ef al., 2020). Q-learning is the most popular
algorithm in this class. High computation and data requirements, difficulty in interpretation, and
instability are some of the challenges associated with this class of MLAs.

VALIDATION OF MACHINE LEARNING ALGORITHMS

MLA validation is a process that assesses a model’s ability to make predictions with the highest
accuracy to use the model in achieving stated objectives. It is a key part of developing machine
learning. According to Salamone et al. (2022) and Urooj et al. (2023), some of the standard
techniques used to validate MLAs are: coefficient of determination (R?), Root Mean Squared Error
(RMSE), Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC).

THE USES OF MACHINE LEARNING ALGORITHMS IN ANIMAL PRODUCTION

There are several areas in animal production and reproduction where MLAs have found usefulness
(Curti et al., 2023). Some selected ones are given in Tables 1-11.
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CHALLENGES TO THE USE OF MACHINE LEARNING ALGORITHMS IN ANIMAL
PRODUCTION

Like any novelty, there are usually notable hindrances to their applicability in real-life situations.
The advent of MLAs no doubt is pushing the boundary of usage in animal production. However,
there are some problems said to be associated with their perfect deployment. Trapanese et al. (2024)
reviewed the current limitations and challenges to applying MLAs in the dairy sector. They
reported that poor quality and inconsistency of livestock production data may affect machine
learning analysis. This is a major problem because this scenario will make it difficult to obtain
valid, consistent, uniform, accurate, and complete data. Moreover, where the farm operations are
not fully automated, this could lead to data not being properly annotated (causing inaccuracy), and
such data may become lost. Alluding to this, Salamone et al. (2022) noted this as the main
constraint of their work because of the absence of a high-quality disease recording dataset.
Inadequacy of a well-trained workforce who are experienced enough to recognise, for example,
markers of animal behaviour, or data to be collected, will create an incorrect database. This is
anathema to obtaining quality results where MLAs are applied.

For an effective output from MLAs, enough time must be available as observation of animals and
record keeping are, for the most part, arduous, take time, and necessitate the presence of patient
and experienced workforces. From this review, it is obvious that ML As have been employed to
increase or improve livestock productivity. However, despite the high degree of performances
achievements reported thus far, these techniques come with their computational burdens; for
instance, most livestock farms do not even have the requisite computational capacity actually to
apply these complex MLAs; hence, their actual practical application in the field is therefore, almost
zero, even if results emanating from studies appears to be encouraging. Summarily, the problems
associated with the use of MLAs in animal production are: reliability of data (Cockburn, 2020),
technical challenges during data collection, transfer and storage (Neethirajan, 2020a; Akhigbe et
al., 2021), animal-related qualities (breed, age, production system) which more often than not are
indiscriminate and in some cases, deduced (Kliemann et al., 2023), data analysis (Rosales-Perez,
2022; Pinto et al., 2023), and result delivery particularly to the end user farmer (Cockburn, 2020).
There are also hindrances due to the availability of infrastructure, cultural barriers, regulation, and
overfitting of models. Where most of the problems highlighted above are dealt with, applicability
becomes easier.
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CONCLUSION AND RECOMMENDATION

Machine learning algorithms can predict many economic traits in animals when and where they
are appropriately used. Areas where they can find intervention in animal production also varied,
in fact, more than in the areas highlighted in the paper. During the review, many problem areas
that could hamper the proper application of MLAs were also pointed out. Combining two or more
of the MLAs may greatly help achieve better predictions and accuracy and is therefore
recommended for usage by researchers and, where possible, by livestock farmers.
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