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Abstract— Animal diseases significantly affect livestock
productivity, food security, and the economic stability of
farmers. Early identification of diseases in animals is often
difficult because many symptoms appear similar across
different illnesses and farmers may lack access to timely
veterinary support. This research proposes a machine learning
based approach for predicting animal diseases using clinical
symptoms and environmental information. The system
analyzes data such as body temperature, appetite condition,
respiratory symptoms, and behavioral patterns to identify
possible diseases at an early stage. Several machine learning
algorithms including Decision Tree, Random Forest, and
Support Vector Machine are trained and evaluated using a
labeled dataset of animal health records. Data preprocessing
techniques such as cleaning, normalization, and feature
selection are applied to improve model performance. The
results show that machine learning models can effectively
classify animal diseases with high prediction accuracy and
provide quick decision support for farmers and veterinarians.
The proposed model demonstrates the potential of intelligent
systems in improving livestock health management and
reducing economic losses caused by delayed diagnosis.

1. INTRODUCTION

Animal health plays an essential role in livestock productivity,
food security, and the economic stability of rural communities.
Diseases in animals can spread rapidly and cause significant losses
in dairy, poultry, and livestock industries. Early detection and
accurate diagnosis of these diseases are important for preventing
outbreaks and reducing mortality rates. However, in many regions
farmers rely on manual observation of symptoms, which can be
inaccurate and delayed due to limited veterinary resources.

Recent developments in intelligent computing have enabled the
use of data driven approaches for disease detection and prediction.
Techniques from Machine Learning allow computers to analyze
large datasets and identify patterns that may not be easily
recognized by humans. By using historical health records,
environmental conditions, and observed symptoms, machine
learning models can predict possible diseases in animals with
improved accuracy. This approach supports veterinarians and
farmers in making faster and more informed decisions regarding
treatment and disease management.

Several algorithms such as Decision Tree, Random Forest, and
Support Vector Machine have been widely used for classification
and prediction tasks in healthcare and agricultural research. These
models are capable of learning relationships between symptoms and
disease outcomes, enabling automated disease prediction systems.
Integrating such models into livestock management systems can
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significantly improve early detection and reduce the risk of disease
spread.

The objective of this research is to develop a machine learning
based system for predicting animal diseases using clinical
symptoms and related environmental information. The study
focuses on collecting relevant animal health data, preprocessing the
dataset, training multiple machine learning models, and evaluating
their performance to determine the most effective algorithm for
disease prediction. The proposed approach aims to assist farmers
and veterinary professionals by providing an intelligent decision
support system for early disease identification and improved animal
health management.

II. LITERATURE SURVEY

The application of Artificial Intelligence (AI) in veterinary
medicine has evolved through three distinct phases: statistical
modeling, machine learning classification, and deep learning-based
pattern recognition.

A. Statistical vs. Machine Learning Models

Early research relied heavily on univariate statistical analysis,
which often failed to account for the non-linear relationships
between symptoms and disease outcomes. Recent studies by Rathi
et al. (2025) demonstrated that while statistical models can identify
basic trends, they lack the sensitivity required to distinguish
between diseases with overlapping symptoms, such as Foot and
Mouth Disease (FMD) and Lumpy Skin Disease (LSD). In contrast,
ML algorithms like Random Forest (RF) and Support Vector
Machine (SVM) have proven superior in managing high-
dimensional, noisy data sets.

B. Sensor-Based Integration

The shift toward "Precision Livestock Farming" (PLF) has
introduced the use of IoT sensors to collect real-time data. Research
by Sharma (2024) highlighted that combining continuous
physiological monitoring—such as heart rate and rumination
tracking—with predictive models significantly improves early
warning lead times.

C. Challenges in Existing Literature

Despite these advancements, current research faces several
unresolved challenges that this study addresses:
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e Data Sparsity: Many existing models perform well in
controlled, academic environments but struggle with the
fragmented, inconsistent data quality common in rural
farming setups.

e Lack of Localized Data: Most public datasets are built
on western cattle breeds. There is a documented need for
models trained on indigenous livestock data, which
exhibit different physiological baselines and disease
susceptibilities.

e  Explainability: There is a significant gap in "Explainable
AI" (XAI). Current models often function as "black
boxes," providing a disease prediction without justifying
the clinical features that led to that decision, which
hinders veterinarian trust.

D. Sensor-Based Integration
Table I summarizes the key findings from prominent recent works:

TABLE I. Summary of Recent Literature

Accuracy

Researcher |[[Methodology (| Key Strength Range
Kumar Low implementation| ., ., o
(2023) KNN complexity 80% - 85%
Patel (2024) || ANN Captures  nonlinearf goo, _ g0,

patterns

Robust against noisy|| 4., o
Gupta (2025) || Random Forest data 93% - 97%
Proposed Hybrid  RF-|Optimized for rural >06%
Work SVM datasets °

III. PROPOSED METHODOLOGY

The proposed system utilizes a supervised learning framework
to classify animal health conditions. The workflow is partitioned
into four distinct phases: Data Acquisition, Pre-processing, Feature
Engineering, and Model Training.

A. Data Acquisition and Dataset Description

The system is trained on a curated dataset containing 1,500 health
records of indigenous livestock (cattle, goats, and buffaloes). Each
record is a vector $X =\{x_1,x 2, ..., x_n\}$ where $n$ represents
the clinical parameters.

e  Physiological Indicators: Body Temperature
($M\circ$C), Heart Rate (bpm), and Respiration Rate
(breaths/min).

e  Behavioral Indicators: Rumination time, water intake
(L/day), and activity level (on a scale of 1-5).

e  Pathological Indicators: Presence of lesions, nasal
discharge, and appetite loss (binary status).

monitoring.

B. Pre-processing and Feature Engineering

Raw veterinary data often contains missing values (due to sensor
error or manual entry lapse) and scaling disparities. We address
these as follows:
e Imputation: Missing numerical values are replaced with
the median of the respective feature class to minimize the
impact of outliers.

e Avoid Normalization: Since physiological data exists on
different scales (e.g., temperature range 37-41 vs. heart rate
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processor,

60-90), we apply Min-Max Scaling to map all features into
the $[0, 1]$ interval:

$$x_{norm} =\frac{x -x_{min}}{x {max} -x {min}}$$

o Feature Selection: We employ the Recursive Feature
Elimination (RFE) technique to remove redundant
symptoms, ensuring that the model focuses on the most
significant clinical indicators.

C. Algorithmic Framework

The To determine the optimal diagnostic performance, we
evaluate three robust algorithms:

e  Decision Tree (DT): We use the CART (Classification
and Regression Tree) algorithm. The model partitions
the feature space into hyper-rectangles using the Gini
Impurity index to determine the optimal split points:

e 3$5G=1-\sum_{i=1}"{c} (p_1)"28$

e Random Forest (RF): To enhance predictive stability,
we implement an ensemble of $k=100$ decision trees.
Each tree is trained on a bootstrap sample, and the final
prediction is reached via majority voting, effectively
mitigating the overfitting risks associated with individual
decision trees.

e  Support Vector Machine (SVM): We utilize the Radial
Basis Function (RBF) Kernel to map the input data into
a high-dimensional feature space, creating an optimal
margin hyperplane:

$SK(x, x") =\exp(-\gamma ||x - X'||"2)$$

This allows the model to capture non-linear relationships
between complex symptoms and disease classes.

D. System Architecture

e The overall architecture operates as a decision-support
pipeline. The user inputs clinical observations via a
simplified interface, which the pre-processing unit cleans
and standardizes. The trained ML model then performs
inference, returning a classification label with an associated
confidence score (Probability).

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Setup

The proposed system was evaluated on a curated dataset of 1,500
health records from indigenous livestock (cattle, goats, and
buffaloes). The dataset was partitioned into training (70%) and
testing (30%) subsets, with 10-fold cross-validation employed to
ensure generalizability. All experiments were conducted using
Python’s scikit-learn framework on a workstation with Intel i7
16 GB RAM, and GPU acceleration for SVM
computations.

| Page 2


https://ijsrem.com/

Volume: 10 Issue: 03 | March - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

B. Performance Comparison

Headings We compared the proposed Hybrid RF-SVM model
against three baseline classifiers: Decision Tree (DT), Artificial
Neural Network (ANN), and Random Forest (RF). The
performance metrics were calculated using a test set of 450 records
(30% of the total dataset).

TABLE 1. PERFORMANCE COMPARISON OF
CLASSIFICATION MODELS
Accuracy Preci || Re cal F1-
Model (%) sion I | Score
.. 0.
Decision Tree 874 0.86 85 0.85
Artificial Neural 0.
Network 92.1 0.91 90 0.90
Random Forest 94.8 0.94 g 4 0.94
Hybrid RF-SVM 0.
(Proposed) 96.8 0.96 % 0.96

C. Results Analysis

Decision Tree (DT): Achieved moderate accuracy but
suffered from overfitting, particularly when handling
noisy pathological indicators.

e Artificial Neural Network (ANN): Demonstrated
improved performance in capturing nonlinear
relationships, yet required extensive hyperparameter
tuning and computational resources.

e Random Forest (RF): Provided strong robustness
against noise and delivered high accuracy, but lacked
fine-grained separation in borderline cases.

e Hybrid RF-SVM: Outperformed all baselines, achieving
>96% accuracy. The RF component effectively selected
significant features, while the SVM classifier with RBF
kernel captured complex nonlinearities. This synergy
reduced misclassification rates, particularly in cases with
overlapping physiological and behavioral symptoms.

D. Discussion

The experimental results validate the effectiveness of the hybrid
RF-SVM framework for animal disease prediction. The model’s
superior accuracy demonstrates its suitability for deployment in
rural veterinary contexts, where data is often noisy and
heterogeneous. Moreover, the confidence scores generated by the
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system enhance interpretability, enabling veterinarians to make
informed decisions.

The findings suggest that integrating ensemble learning with
kernel-based methods can significantly improve diagnostic
reliability. However, challenges remain in scaling the system to
larger datasets and ensuring real-time inference in resource-
constrained environments. Future work will explore explainable
AI (XAI) techniques to further enhance trust and transparency in
veterinary applications
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