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ABSTRACT
Machine learning (ML) is increasingly being explored in livestock research because of its ability to analyse large 
and complex genomic, phenotypic, environmental and image-derived datasets. This review provides a concise 
overview of recent applications of ML in livestock, with emphasis on genomic prediction, genetic improvement, 
production prediction, high-throughput phenotyping and precision livestock farming. Recent studies indicate that 
approaches such as random forest, support vector machines, neural networks and deep learning can improve 
prediction or automate phenotypic measurements for selected traits and applications. However, ML does not 
consistently outperform established genomic prediction methods such as GBLUP and Bayesian approaches, with 
performance varying across traits, populations and datasets. Major challenges include limited and heterogeneous 
datasets, model generalizability, computational requirements and the interpretability of complex models. Future 
developments should focus on standardized datasets, explainable AI, independent validation and integration of 
genomic, phenotypic, environmental and multi-omics information. Overall, ML offers promising opportunities 
to complement conventional livestock breeding and support more efficient, data-driven genetic improvement 
and farm management.
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INTRODUCTION
Over the past decade, biological research has generated 
increasingly large and complex datasets containing 
molecular and genetic information, including gene, 
protein and metabolite abundance, microbiome 
composition and population-level genetic variation. 
These datasets provide valuable opportunities for 
understanding biological systems and complex 
traits; however, their effective utilization requires 
analytical approaches capable of handling large and 
multidimensional datasets. Machine learning (ML), 
a branch of computer science, enables computers to 
identify patterns and relationships within data using 
mathematical and statistical approaches. Its primary 
objective is to develop predictive models by learning 
relationships among variables within a dataset 
(Camacho et al., 2018). Depending on the nature of 
the data, trained models can be used to predict binary, 
categorical or continuous outcomes. For example, in 
gene identification and annotation, ML algorithms can 
learn characteristic features from previously annotated 
genomes, including transcription start sites, GC content 
and codon usage, and subsequently use these patterns 
to identify genes in newly analysed genomic sequences.
The increasing availability of large-scale biological 
datasets has also created new opportunities for 

livestock research. Conventional livestock breeding has 
traditionally relied on pedigree information, phenotypic 
records and statistical approaches such as best linear 
unbiased prediction (BLUP). Although these methods 
have provided the foundation for genetic evaluation, 
their application can be challenging for traits with low 
heritability or complex genetic architecture and may 
require extensive phenotypic recording over several 
generations (Koivula et al., 2012). The development of 
genomic selection subsequently improved the efficiency 
of livestock breeding by incorporating genome-wide 
marker information into genetic evaluation. However, 
the increasing volume and complexity of genomic, 
phenotypic and environmental data have created a 
further need for flexible analytical approaches capable 
of extracting complex patterns from these datasets.
In this context, artificial intelligence (AI) and ML are 
being increasingly explored in livestock research. 
These approaches can analyse large-scale genetic, 
phenotypic and environmental datasets and may 
capture relationships that are difficult to model using 
conventional statistical approaches. Their applications 
include genomic prediction, identification of genomic 
regions associated with economically important 
traits, production prediction, automated phenotyping 
and animal monitoring (Jeste et al., 2020; Fuentes 
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et al., 2022; Hua et al., 2023). The integration of AI 
with imaging, sensing and other high-throughput 
technologies is further expanding its applications in 
animal breeding and precision livestock farming (Wang 
et al., 2023).
Therefore, this review aims to provide a concise 
overview of recent applications of machine learning 
in livestock, with particular emphasis on genomic 
prediction, production traits, high-throughput 
phenotyping and precision livestock farming, while 
highlighting current challenges and future prospects 
for its application in livestock genetic improvement.

Machine learning approaches used in livestock
Machine learning (ML) provides a range of computational 
approaches for analysing large and complex biological 
datasets, identifying patterns and making predictions. 
In a typical ML workflow, the available data are divided 
into training and testing datasets. The training dataset 
is used to develop the model through steps such as 
data preprocessing, feature selection or extraction 
and model fitting, whereas the test dataset is used 
to evaluate how well the trained model performs on 
previously unseen observations. Model performance 
is then assessed by comparing predicted and observed 
outcomes using appropriate evaluation measures.
Based on the type of information available and the way 
the model learns, ML approaches are broadly classified 
into supervised, unsupervised and reinforcement 
learning (Sarker et al., 2021; Shabtay et al., 2021). 
Supervised learning uses labelled data to learn the 
relationship between input variables and a predefined 
outcome. It is mainly used for regression, when the 
outcome is continuous, and classification, when 
observations are assigned to predefined categories. 

Common approaches include linear and logistic 
regression, decision trees, support vector machines 
(SVM), random forest (RF), boosting methods and 
artificial neural networks (ANNs). In livestock 
research, these methods can be used for prediction 
and classification of production, reproduction, health 
and genomic traits. Model performance is generally 
evaluated using a loss or error function that quantifies 
the difference between predicted and observed values 
(Crisci et al., 2012).
In contrast, unsupervised learning is applied when 
observations do not have a predefined target variable. 
Instead, the objective is to identify underlying structures, 
patterns or groups within the data. Clustering methods 
such as K-means and hierarchical clustering can be 
used to identify groups of genetically or phenotypically 
similar animals, while dimensionality-reduction 
approaches such as principal component analysis 
(PCA) can simplify high-dimensional datasets while 
retaining their major patterns (Sharma and Kumar, 
2017). Such approaches are particularly relevant to 
livestock genomic datasets containing large numbers 
of genetic markers.
Reinforcement learning differs from both supervised 
and unsupervised learning because the model learns 
through interaction with an environment. An agent 
selects actions and receives rewards or penalties 
according to the resulting outcomes, allowing it to 
progressively learn strategies that maximize cumulative 
rewards (Kaelbling et al., 1996; Pandey et al., 2019). 
Although reinforcement learning has been less widely 
applied in livestock genomic prediction than supervised 
approaches, it has potential for decision-making and 
automation in areas such as animal management, 
navigation and precision livestock farming.

Table 1: Summary of commonly used ML approaches, their basic principles and their potential applications 
in livestock.

Learning type Approach Main principle Major livestock application
Supervised Linear regression Predicts a continuous outcome from one 

or more explanatory variables
Prediction of quantitative traits

Supervised Logistic regression Estimates the probability of a 
categorical/binary outcome

Disease/trait classification

Supervised Decision tree Recursively divides data into groups 
based on feature values

Classification and regression

Supervised Support Vector 
Machine (SVM)

Finds an optimal boundary separating 
different classes; kernels allow nonlinear 
relationships

Classification and regression

Supervised K-Nearest Neighbors 
(KNN)

Predicts an outcome based on the most 
similar observations

Classification and regression

Supervised Random Forest Combines predictions from multiple 
decision trees to improve robustness

Classification and regression
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Among these approaches, supervised learning methods 
are particularly relevant to livestock breeding because 
many breeding objectives involve predicting continuous 
phenotypes or genetic merit from genomic and 
phenotypic information. Random forest, SVM, boosting 
algorithms and neural networks have therefore 
received increasing attention for genomic prediction 
and trait prediction.
Deep learning (DL) represents an advanced class 
of ML based primarily on artificial neural networks 
with multiple interconnected layers. Unlike many 
conventional ML approaches that require greater 
reliance on predefined features, deep neural networks 
can learn increasingly complex representations from 
the input data through successive layers (Angermueller 
et al., 2016; Ching et al., 2018). This characteristic 
makes DL particularly attractive for biological datasets 
that are large, high-dimensional or difficult to represent 
using manually selected features.
Different DL architectures are suited to different 
types of livestock data. Multilayer perceptrons 
(MLPs) can be used for prediction and classification 
of structured numerical data, whereas recurrent 
neural networks (RNNs) are designed to capture 
relationships in sequential or time-dependent 
data. Convolutional neural networks (CNNs) are 
particularly effective for image-based applications 
because they can automatically extract relevant spatial 

features from images. Consequently, CNNs and related 
architectures are increasingly being explored for 
animal identification, body measurement, behaviour 
monitoring and automated phenotyping, while neural-
network-based models are also being investigated for 
genomic prediction and multi-omics data analysis 
(Angermueller et al., 2016; Ching et al., 2018; Camacho 
et al., 2018).
Overall, the choice of ML approach depends on the 
nature of the livestock data, the prediction objective 
and the complexity of the relationship being modelled. 
Supervised methods are particularly relevant for 
genomic and trait prediction, unsupervised approaches 
are useful for exploring population structure and 
high-dimensional datasets, while deep-learning 
approaches offer considerable potential for image-
based and multimodal phenotyping. The application 
of these approaches to livestock genomics, production, 
phenotyping and precision livestock farming is 
discussed in the following section.

Applications in livestock genomics and breeding
Recent applications of ML in livestock have expanded 
from genomic prediction to production prediction, 
automated phenotyping and precision livestock farming. 
In genomic selection, ML approaches such as random 
forest (RF), support vector regression (SVR), gradient 
boosting and neural networks have been investigated 

Supervised Bagging Combines multiple models trained on 
bootstrap samples to improve prediction 
stability

Classification and regression

Supervised Boosting / AdaBoost Sequentially combines weak learners to 
produce a stronger predictor

Prediction and classification

Supervised Artificial Neural 
Network (ANN)

Learns complex relationships through 
interconnected layers of neurons

Classification and regression

Unsupervised K-means clustering Groups observations according to 
similarity

Population/group clustering

Unsupervised Principal Component 
Analysis (PCA)

Reduces dimensionality while retaining 
major patterns in the data

High-dimensional genomic data

Unsupervised Hierarchical clustering Builds groups based on similarity 
between observations

Pattern and population structure

Unsupervised Hidden Markov Model 
(HMM)

Modelsrelationships between sequential 
observations and hidden states

Sequence-related pattern 
detection

Deep learning Multilayer Perceptron 
(MLP)

Uses multiple fully connected neural-
network layers to learn nonlinear 
relationships

Prediction and classification

Deep learning Recurrent Neural 
Network (RNN)

Uses previous information to learn 
patterns in sequential data

DNA sequences and temporal 
data

Deep learning Convolutional Neural 
Network (CNN)

Automatically extracts relevant features 
using convolutional layers

Images, SNP/genomic and multi-
dimensional data

Genomic 
prediction

RKHS Uses kernel functions to model complex 
nonlinear relationships among genomic 
markers

Genomic selection/prediction



Journal of Livestock Biodiversity	 Volume 15 Issue 1, 2026

41

as alternatives or complements to established methods 
such as genomic best linear unbiased prediction 
(GBLUP) and Bayesian approaches. Studies conducted 
across beef cattle, broilers and Holstein cattle indicate 
that the performance of ML models varies considerably 
among traits and populations. While conventional 
genomic prediction methods remained superior for 

several traits, selected ML models showed advantages 
for particular traits, suggesting that the usefulness 
of ML is context-dependent rather than universally 
superior to established approaches (Chafai et al., 2023). 
Recent studies representing these applications are 
summarized in Table 2.

Table 2: Recent applications of machine learning and deep learning in livestock genomics, production 
prediction, phenotyping and precision livestock farming.

Study Species Data ML approach Application Major finding

Hay et al., 2024 Beef cattle Genomic and 
phenotype RF, SVR, CNN, MLP Genomic 

prediction

GBLUP performed 
better for some traits; 
RF performed best for 
weaning weight

Liu et al., 2025 Broilers SNP and 
phenotype

SVR, RF, GBDT, 
XGBoost, etc.

Genomic 
prediction

ML advantageous for 
selected carcass traits, 
but conventional methods 
better for several traits

Vergani et al., 
2024

Holstein 
cattle

Genomic and 
production/ 
environmnetal

Neural network Milk yield 
prediction

Genomic breeding values 
+ ML improved prediction

Zheng et al., 2025 Holstein 
cattle

122,672 
SNPsand EBVs DPAnet, SVR, KRR Genomic 

prediction

Some ML models 
improved accuracy for 
selected traits

Yang et al., 2025 Simulated 
livestock

Genomic 
and causal 
variants

RF, SVR, GBLUP Genomic 
prediction

Causal information can 
improve prediction, but 
performance varies by 
model

Wang et al., 2025 Cattle Images Deep metric learning Individual 
identification

Very high identification 
accuracy

Nilchuen et al., 
2025

Brahman 
cattle 12,660 images YOLOv11/deep 

learning

Body 
measurement 
& weight 
prediction

Image-based phenotyping 
showed strong potential

Sharma et al., 
2025 Cattle Depth images/

point clouds Deep learning Individual 
identification

Breed-independent 
automated identification

The evidence summarized in Table 2 indicates that 
genomic prediction remains a major application of 
ML in livestock breeding. However, recent studies 
do not support ML as a universal replacement for 
conventional approaches such as GBLUP and Bayesian 
methods. In beef cattle, broilers and Holstein cattle, 
the relative performance of ML varied among traits, 
with conventional methods remaining competitive or 
superior for several traits, while selected ML models 
performed better for specific traits (Hay et al., 2024; Liu 
et al., 2025; Zheng et al., 2025). Thus, the usefulness of 
ML appears to depend on the trait, population, genomic 
information and model used, supporting its application 
as a complement to established genomic prediction 
approaches.
Beyond genomic prediction, ML is being increasingly 
applied to production prediction and high-throughput 
phenotyping. Integration of genomic breeding values 

with production and environmental information has 
been used to improve individual milk-yield prediction, 
while deep-learning-based image analysis has enabled 
automated body measurement and weight estimation 
in cattle (Vergani et al., 2024; Nilchuen et al., 2025). 
Such approaches can reduce manual measurements 
and facilitate the collection of large-scale phenotypic 
records relevant to livestock evaluation and selection.
Another emerging application is precision livestock 
farming, particularly automated animal identification 
and monitoring. Deep-learning approaches based on 
coat patterns and depth images have demonstrated 
high accuracy for individual cattle identification 
(Wang et al., 2025; Sharma et al., 2025). Integration 
of these automated phenotypic records with genomic 
and production information could support more 
comprehensive animal evaluation and data-driven 
breeding and management decisions. Overall, ML 
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applications in livestock extend from genomic prediction 
to automated phenotyping and precision management. 
Their future value will depend on the ability to integrate 
diverse data sources while maintaining model accuracy, 
robustness, interpretability and validation across 
independent populations.

Challenges and future outlook
Despite the growing potential of AI and machine 
learning in livestock research, several challenges 
remain. Their performance depends heavily on the 
availability of large, well-annotated and high-quality 
datasets, which are often limited, costly, or affected 
by farm-specific variation. Differences among breeds, 
environments, sensors and management systems can 
further reduce model generalizability. In addition, 
complex deep-learning models are often difficult to 
interpret, creating a “black box” problem that can limit 
their biological relevance and practical acceptance. 
High computational requirements and difficulties in 
field deployment also remain important constraints 
(Camacho et al., 2018; Chafai et al., 2023).
Future efforts should focus on developing standardized 
and diverse datasets, integrating multi-omics and 
phenotypic information, and improving model 
transferability across breeds and production 
environments. Explainable AI approaches can make 
model predictions more interpretable, while lightweight 
models and edge-computing solutions may facilitate 
on-farm applications. Combining AI with genomics, 
transcriptomics and other biological data could 
further improve understanding of gene–environment 
interactions and support more accurate, sustainable 
and efficient livestock breeding.
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