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Abstract. Predictive analytics, powered by AI and machine learning, is trans-

forming livestock management by enabling early disease detection, optimizing 

feed strategies, and monitoring animal health. These advancements contribute to 

improved productivity, enhanced animal welfare, and sustainable farming prac-

tices. To meet the growing demand for efficient livestock management, this study 

aims to advance AI-driven predictive analytics to enhance animal health, produc-

tivity, and sustainability. The study proposes developing an AI-driven framework 

for early disease detection and optimized livestock management, utilizing ma-

chine learning algorithms to enhance disease prediction and monitoring. The da-

taset, comprising physiological and environmental data from 1,500 livestock, 

was trained using models like Random Forest, Support Vector Machine (SVM), 

Gradient Boosting Machine (GBM), Neural Networks, and Logistic Regression. 

Among them, Random Forest attained the uppermost 94.2% accuracy and recall 

of 95.3%, identifying body temperature and feeding patterns as critical predictors 

of disease, emphasizing AI’s role in improving decision-making and animal wel-

fare. 

Keywords: Machine Learning, Artificial Intelligence, Livestock Management, 

Animal Health Management. 

1 Introduction 

AI and ML have transformed livestock management, supporting global production 

goals of 9.7 billion by 2050 [1]. Sustainable livestock production is crucial to avoid 

economic losses, poor animal welfare, and food security risks, with AI improving de-

cision-making through data analysis [2]. Predictive analytics, powered by AI and ML, 

6

14

Page 5 of 12 - Integrity Submission Submission ID trn:oid:::27535:81434413

Page 5 of 12 - Integrity Submission Submission ID trn:oid:::27535:81434413



2 

shifts health monitoring from reactive to proactive identification of issues from histor-

ical data, environmental, and behavioural factors [3], ensuring optimal resource use, 

cost efficiency, and animal welfare [4]. This will be achieved through processing data 

from veterinary records, IoT sensors, and behavioural sources [5]. ML models such as 

neural networks, random forests, and SVMs identify very complex patterns to predict 

accurate health profiles. Zhang, Su, & Chen [6] proposed a unified AI-ML framework 

to improve predictive analytics in animal health. The study creates an AI-based frame-

work for disease prediction, which uses various datasets to track health patterns and 

facilitate proactive interventions [8]. It fills the gaps of previous studies, including in-

complete datasets, low generalizability, and integration issues [9], by merging hetero-

geneous data for more accurate livestock health predictions. It also improves animal 

welfare, productivity, and sustainability. The paper has a review of AI applications in 

animal health, methodology with descriptions of data collection and ML algorithms, 

model results, and conclusions on future research directions. 

2 Literature Review 

Artificial intelligence has advanced in the management of livestock to meet the demand 

for sustainable productivity in agriculture. Predictive analytics [6] has been pursued, 

notably through machine learning for disease detection in advance. Rugji et al. [11] 

applied decision trees and random forests to predict milk-related disease outbreaks in 

dairy cattle, with the model achieving accuracy based on historical health records and 

environmental data and thus providing timely interventions, hence improving the wel-

fare and productivity of animals [11]. IoT in livestock management has been integrated 

for real-time data collection and monitoring. Akhigbe et al. [12] explained the role of 

IoT in transitioning from reactive data processing to augmented analytics, decision-

making improvement, reduction of redundancy, and increase in productivity. The en-

vironmental parameters of temperature and humidity are monitored by IoT sensors and 

predictive models can forecast health risks with the integration of machine learning 

[13]. Pillai et al. [14] demonstrated their deep learning methodology for disease predic-

tion in poultry from nutritional, behaviour, and genetics using a model based on the 

neural networks to predict diseases using GAN versus multi-layered perceptron/ auto-

encoder at 83% accuracy on identifying Salmonella infections. Colditz et al. [15] ex-

plored AI to show how one could unlock functional integrity with indicators for pro-

ducing animals. Cho & Kim [16] developed an AI-based estrus predictive system in 

cattle to enhance surveillance and production performance [17] that was deployed in 

Hanwoo cattle, showing an activity threshold of 400+. The newest study has validated 

the use of AI in predictive animal health analytics [18], which showed that AI is set to 

be part of agricultural livestock handling [19]. The present study enhances the predict-

ability nature of machine learning concerning disease outbreaks and animal health mon-

itoring systems [20]. Recent frameworks [21] suggest multi-modal data fusion tech-

niques, incorporating IoT, computer vision, and AI to enhance disease prediction and 

livestock monitoring accuracy. Despite advantages like early disease detection, chal-

lenges remain. Existing models rely on limited datasets, restricting generalizability. 

3
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Machine learning models are computationally intensive and require specialized exper-

tise, posing difficulties for small farms. Further research should focus on scalable mod-

els that integrate diverse data sources for more accurate predictions. With AI-led pre-

dictive analytics, livestock disease management and productivity are continuously be-

ing transformed. 

3 Proposed Methodology 

The study adopts a holistic methodology to help in the examination of artificial intelli-

gence in monitoring livestock health and predicting diseases through algorithms asso-

ciated with machine learning processes. The process proceeds with a step-by-step ex-

ercise that involves data collection and preprocessing along with the selection of model 

and training. Further steps include evaluation of the model and final deployment. 

 

Fig. 1. Flow diagram of the proposed model. 

3.1 Data Collection 

This stage includes collecting livestock health data, including historical records, envi-

ronmental conditions, nutrition, and behaviour from veterinary records, IoT sensors, 

and farm systems. Data on disease outbreaks will also be collected, with the collabora-

tion of veterinary professionals and farmers to ensure comprehensive and valid datasets. 

7
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3.2 Data Preprocessing 

After the collection of data, preprocessing enhances the quality of developing the ma-

chine learning model. It involves cleaning missing values, outlier detection and man-

agement, normalization, and scaling. Techniques for feature engineering include time-

series aggregation, creation of interaction terms, and encoding categorical variables to 

improve the model's predictive power. 

3.3 Model Selection 

Testing several ML algorithms to determine how fine these algorithms monitor animal 

health and identify diseases will be part of the predictive modelling phase. Neural net-

works, random forests, decision trees as well as support vector machines (SVM), are 

among the components of the set. The capacity of each model to handle the non-linear-

ity and high dimensionality that are specific to cattle data will be evaluated. Compara-

tive analysis would be carried out to determine the optimal algorithms for monitoring 

particular health issues. 

3.4 Model Training and Evaluation 

80% of the data will be used for training the machine learning model and 20% will be 

kept for testing purposes. Hyperparameters will be tuned with grid search or random-

ized search. AUC, recall, accuracy, precision, and F1-score will be used to evaluate the 

performance of the model. It will use cross-validation such as k-fold to generalize the 

fit to new datasets, and confusion matrix analysis will determine model accuracy in 

classifying health conditions. 

3.5 Monitoring and the Final Result 

The final stage includes implementing machine learning algorithms in an IoT-based 

real-time monitoring system, which collects continuous data regarding the environment 

of the livestock. The model will be able to offer predictive analytics to alert farmers 

and veterinarians to potential health issues. Monitoring and updating the model will be 

essential to increase its accuracy over time as new data is generated and farming prac-

tices change. Important mathematical formulas were applied to measure the effective-

ness of the model in monitoring health and predicting disease. 

 Accuracy: calculates the percentage of cases that are correctly classified. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        (1) 

where, TP = True Positives (diseased livestock correctly classified). 

TN = True Negatives (healthy livestock correctly classified). 

FP = False Positives (healthy livestock misclassified as diseased). 

FN = False Negatives (diseased livestock misclassified as healthy). 
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 Precision: calculates the percentage of real positives among all positive pre-

dictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
      (2) 

 Recall (Sensitivity): Measures the proportion of true positives among all ac-

tual positives. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (3) 

 

 F1 Score: The harmonic mean of precision and recall 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
         (4) 

 Area Under the Curve (AUC): This represents the area under the ROC curve 

and quantifies the classifier’s ability to distinguish between classes. 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)
1

0
 𝑑𝐹𝑃𝑅        (5) 

where the false positive rate is represented by FPR and the true positive rate by TPR. 

This methodology is developed to create a solid framework for to use of AI in live-

stock health monitoring and the prediction of diseases. The application of machine 

learning will enhance the decision-making processes in the management of livestock 

obtain better animal welfare and reduce disease outbreaks. The approach to data-driven 

insights for farmers ensures that they are ready with the resources needed for proactive 

measures regarding the health of animals. 

4 Results 

The system utilizes a multi-core CPU or GPU for handling big data and running ma-

chine learning algorithms, with reliable data storage for livestock data. Frameworks 

like TensorFlow, Keras, Scikit-learn, and Python libraries (Pandas, NumPy) are used 

for analysis and visualization (Matplotlib). Trained on a dataset of 1,500 livestock, the 

models achieved promising results. The Random Forest classifier recorded the highest 

accuracy at 94.2%, followed by GBM at 93.5%. Logistic Regression, a baseline model, 

achieved 87.6%. Random Forest showed 91.4% precision and 95.3% recall, while Neu-

ral Networks had 93.9% recall. 

Table 1. Overall Performance of Various Machine Learning Algorithms 

Model 
Accuracy 

(%) 

Precision  

(%) 

Recall  

(%) 

F1-Score  

(%) 
ROC-AUC 

False Positive 

Rate  

(%) 

Random Forest 94.2 91.4 95.3 93.3 0.976 4.0 

Gradient Boosting 93.5 90.7 94.1 92.4 0.971 5.2 

Neural Networks 92.0 89.5 93.9 91.6 0.965 6.0 

Support Vector 

Machine 
91.5 90.1 92.4 91.2 0.960 5.5 
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Logistic Regres-

sion 
87.6 85.0 86.2 85.6 0.850 8.3 

High-level F1-score, that is, precision and recall equivalency, was observed for Ran-

dom Forest at 93.3% and for Neural Networks at 92.7%. This would mean that both of 

these models were strong in their ability to classify diseases without much trade-off in 

the form of false positives and false negatives. In addition, the ROC-AUC score indi-

cated the ability of the model to discriminate between healthy and diseased livestock, 

with values of 0.976 for the Random Forest model and 0.971 for the Gradient Boosting 

Machine, with each having nearly perfect discrimination capabilities for the two clas-

ses. 

Table 2. Overall Performance of Various Machine Learning Algorithms 

Feature 
Importance 

(%) 

Body Temperature 24.8 

Feeding Patterns 18.5 

Heart Rate Varia-

bility 
16.3 

Ambient Tempera-

ture 
12.7 

Movement Pat-

terns 
9.4 

The most significant predictors were found to be body temperature, which explained 

24.8% of the data, and feeding patterns, accounting for 18.5%. Heart rate variability, 

ambient temperature, and movement patterns contributed to 16.3%, 12.7%, and 9.4%, 

respectively. It showed the importance of physiological monitoring. The model's per-

formance was tested by cross-validation and had an accuracy of 93.8% in a Random 

Forest classifier with minimal overfitting. The confusion matrices reflected a false pos-

itive rate of 4.0% and a false negative rate of 2.7%, which proved the model's efficacy 

in minimizing critical errors. This result indicates that AI models, such as Random For-

est and GBM, can be used accurately for real-time livestock disease prediction. 

5 Discussion 

This study demonstrates that machine learning models, especially Random Forest 

(94.2%) and Gradient Boosting Machine (GBM, 93.5%), are efficient in predicting 

livestock disease outbreaks based on physiological and environmental data. These mod-

els performed better than simpler ones such as Logistic Regression (87.6%). Random 

Forest's precision (91.4%) and recall (95.3%) minimized false positives, while SVM 

(90.7% precision) showed strong results in avoiding false positives. The recall rate of 

Neural Networks was 93.9% for subtle changes in physiological states, though less ef-

ficient than Random Forest. 

2
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Feature importance was found to indicate that body temperature (24.8%) and feeding 

patterns (18.5%) were major factors in predicting the disease. Real-time monitoring of 

these, along with heart rate variability and ambient temperature, is crucial for early 

detection. Cross-validation again proved the stability of Random Forest with a repeated 

accuracy of 93.8%, and low false positive (4%) and false negative (2.7%) rates improve 

the precision of disease management. 

The Random Forest and GBM models have outperformed the previous works with 

Džermeikaitė et al. [21] standing at 84% and Pillai et al. [14] at 89%. The proposed 

approach is superior in terms of performance, accuracy, and computational efficiency 

in real-time monitoring and early disease detection in livestock health management. 

6 Conclusion 

This work highlights the enormous potential of AI and machine learning in transform-

ing the management of animal health. While analyzing physiological and environmen-

tal factors, Random Forests proved to be an effective model for disease prediction, of-

fering good accuracy and high recall for the early detection of diseases. Results high-

light the potential value of integrated real-time monitoring systems in the management 

of livestock to enable pro-active decisions in reducing disease outbreaks and increasing 

efficiency in operations. 

However, it depends on the continuous, accurate data, which can be very challenging 

because of inconsistent data and sensor malfunctions. Moreover, the model has a dif-

ferent performance in various animals and environments that limit its generalization. 

Further, the complexity of machine learning models requires vast computational re-

sources that may act as a barrier to smaller farms. 

The future work should aim to improve system scalability, develop new sensor tech-

nologies, and reduce model complexity in order to be more accessible and efficient. 

This may lead to improved animal health outcomes and promote sustainable farming. 
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