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Abstract: Artificial intelligence (AI) has become an essential component of modern veterinary healthcare by 

enabling automated, accurate, and timely analysis of animal health data for disease diagnosis and clinical decision 

support. The increasing availability of veterinary medical images, electronic health records, wearable sensor data, 

behavioural observations, and environmental information has accelerated the adoption of machine learning (ML) 

and deep learning (DL) techniques for intelligent symptom analysis. This review presents a comprehensive 

overview of AI-driven approaches for veterinary healthcare, focusing on animal species identification, breed 

classification, symptom recognition, disease diagnosis, and health monitoring. The paper examines traditional 

machine learning algorithms, including Decision Trees, Random Forests, Support Vector Machines, and Gradient 

Boosting methods, alongside advanced deep learning architectures such as Convolutional Neural Networks, 

Vision Transformers, Long Short-Term Memory networks, and multimodal learning frameworks. Furthermore, 

the review discusses publicly available veterinary datasets, feature engineering techniques, data preprocessing 

methods, and recent applications across livestock, companion animals, poultry, and wildlife. Current challenges 

related to limited annotated datasets, interspecies variability, model interpretability, computational complexity, 

and real-world deployment are critically analysed. Emerging research directions, including explainable artificial 

intelligence, federated learning, foundation models, edge AI, and multimodal veterinary decision-support systems, 

are also highlighted as promising solutions for next-generation intelligent veterinary healthcare. The review 

concludes that AI has significant potential to improve diagnostic accuracy, enable early disease detection, enhance 

precision livestock farming, and support evidence-based veterinary practice. By consolidating recent advances, 

existing challenges, and future research opportunities, this review provides a valuable reference for researchers, 

veterinarians, and developers working toward reliable, scalable, and clinically deployable AI solutions for animal 

health management and the broader One Health ecosystem. 

Keywords: Artificial Intelligence, Veterinary Healthcare, Machine Learning, Deep Learning, Symptom Analysis, 

Animal Disease Diagnosis, Species Identification, Breed Classification, Explainable Artificial Intelligence, 

Precision Livestock Farming, Multimodal Learning, One Health.

 

I. Introduction 

Artificial intelligence (AI) has emerged as a 

transformative technology in healthcare by enabling 

intelligent data analysis, automated decision-

making, and predictive diagnostics. The rapid 

advancement of machine learning (ML) and deep 

learning (DL) techniques has significantly enhanced 

the ability to interpret complex clinical data, identify 

hidden patterns, and support timely diagnosis of 

diseases [1]. While AI has gained widespread 

adoption in human healthcare, its application in 

veterinary medicine has witnessed remarkable 

growth over the past decade owing to the increasing 

availability of digital veterinary records, medical 

imaging, wearable sensors, and precision livestock 

monitoring systems. These developments have 

opened new opportunities for developing intelligent 

systems capable of assisting veterinarians in disease 

detection, animal health monitoring, and clinical 

decision-making [2]. 

http://www.aejournal.ir/
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Veterinary healthcare encompasses a diverse range 

of animal species, including companion animals, 

livestock, poultry, equines, wildlife, and aquatic 

animals, each possessing unique physiological, 

anatomical, and behavioral characteristics. Accurate 

identification of animal species and breeds is a 

critical prerequisite for disease diagnosis because 

susceptibility to infectious, metabolic, hereditary, 

and environmental disorders often varies 

considerably across breeds and species [3]. 

Traditional veterinary diagnosis relies heavily on 

clinical expertise, laboratory investigations, and 

physical examination, which may be time-

consuming, subjective, and difficult to perform in 

remote or resource-limited settings. Furthermore, 

the growing demand for precision livestock farming 

and digital veterinary services has highlighted the 

necessity for automated diagnostic systems capable 

of rapidly interpreting symptoms and providing 

reliable clinical recommendations [4]. 

Machine learning has become one of the most 

promising approaches for addressing these 

challenges. Supervised learning algorithms such as 

Support Vector Machines (SVM), Random Forests 

(RF), Decision Trees (DT), Gradient Boosting 

Machines (GBM), Extreme Gradient Boosting 

(XGBoost), and Artificial Neural Networks (ANN) 

have demonstrated substantial success in classifying 

animal diseases using structured clinical and 

physiological data [5][6]. Simultaneously, deep 

learning architectures, including Convolutional 

Neural Networks (CNNs), Recurrent Neural 

Networks (RNNs), Long Short-Term Memory 

(LSTM) networks, Vision Transformers (ViTs), and 

multimodal neural networks, have shown 

remarkable performance in analyzing veterinary 

images, animal vocalizations, thermal images, gait 

patterns, facial expressions, and behavioral 

characteristics [7]. These AI-driven models facilitate 

automated identification of animal species and 

breeds, recognition of disease symptoms, early 

detection of pathological conditions, and prediction 

of disease progression. 

Recent advances in precision veterinary healthcare 

have further expanded the sources of data available 

for AI-based analysis. Modern veterinary diagnostic 

systems integrate multimodal information collected 

from clinical examinations, radiographic images, 

computed tomography (CT), magnetic resonance 

imaging (MRI), ultrasound, infrared thermography, 

wearable sensors, accelerometers, GPS devices, 

environmental monitoring systems, and Internet of 

Things (IoT)-enabled livestock platforms [8][9]. 

The fusion of heterogeneous data enables 

comprehensive assessment of animal health while 

improving diagnostic accuracy, robustness, and 

clinical reliability. Moreover, explainable artificial 

intelligence (XAI), federated learning, cloud-edge 

computing, and foundation models are increasingly 

being explored to develop trustworthy, scalable, and 

real-time veterinary decision-support systems [10]. 

Despite these significant advancements, several 

challenges continue to hinder the widespread 

deployment of AI-driven veterinary diagnostic 

systems. One of the primary limitations is the 

scarcity of large-scale, well-annotated veterinary 

datasets covering diverse animal species and breeds. 

Many studies focus on specific diseases or limited 

datasets, making model generalization across 

different geographic regions, production systems, 

and environmental conditions difficult [11]. Data 

imbalance, inconsistent annotation standards, 

varying imaging protocols, and limited availability 

of multimodal datasets further affect model 

performance and reproducibility. In addition, issues 

related to model interpretability, ethical use of 

animal data, computational complexity, and real-

time deployment remain active areas of research. 

Numerous review articles have investigated AI 

applications in veterinary medicine; however, most 

existing reviews concentrate on individual aspects 

such as disease diagnosis, medical imaging, 

livestock monitoring, or precision farming. 

Comprehensive reviews that simultaneously 

examine machine learning techniques for animal 

species identification, breed classification, symptom 

analysis, and disease identification across multiple 

veterinary domains remain relatively limited. 

Furthermore, recent advances involving 

transformer-based architectures, multimodal 

learning, explainable AI, and foundation models 

have not been systematically synthesized within the 

context of veterinary symptom analysis. 

Motivated by these observations, this systematic 

review provides a comprehensive analysis of 

machine learning techniques employed for AI-

driven symptom analysis in veterinary healthcare. 

The review consolidates recent literature on 

traditional machine learning algorithms, deep 

learning architectures, hybrid intelligent models, 

and emerging AI paradigms used for identifying 

animal species, breed characteristics, clinical 

symptoms, and associated diseases. It also examines 

publicly available veterinary datasets, feature 

engineering strategies, data preprocessing 

techniques, and diverse application domains 

spanning companion animals, livestock, poultry, and 

wildlife. In addition, the review discusses current 

research challenges, identifies existing knowledge 

gaps, and highlights promising future research 

directions toward the development of intelligent, 

reliable, and explainable veterinary diagnostic 

systems. 

The major contributions of this review are 

summarized as follows: 
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• A comprehensive overview of AI-driven 

symptom analysis frameworks developed 

for veterinary healthcare. 

• A systematic review of traditional machine 

learning, deep learning, and hybrid AI 

techniques for animal species, breed, and 

disease identification. 

• An analysis of publicly available veterinary 

datasets, multimodal data sources, and 

feature engineering methodologies. 

• A detailed discussion of AI applications in 

species recognition, breed classification, 

symptom analysis, disease diagnosis, 

livestock monitoring, and wildlife health 

surveillance. 

• Identification of current research 

challenges, limitations, and future 

opportunities involving explainable AI, 

multimodal learning, edge intelligence, and 

trustworthy veterinary decision-support 

systems. 

Overall, this review aims to serve as a valuable 

reference for researchers, veterinarians, computer 

scientists, and practitioners interested in the 

development of intelligent AI-based veterinary 

healthcare systems. By synthesizing recent 

technological advances and identifying future 

research directions, the paper contributes to the 

growing field of precision veterinary medicine and 

supports the development of more accurate, 

efficient, and accessible animal healthcare solutions. 

II. Fundamentals of AI-Driven Veterinary 

Symptom Analysis 

The increasing integration of artificial intelligence 

(AI) into veterinary healthcare has transformed the 

traditional approach to animal disease diagnosis and 

health management. Conventional veterinary 

diagnosis primarily depends on physical 

examination, clinical expertise, laboratory 

investigations, and imaging techniques. Although 

these methods remain indispensable, they are often 

constrained by limited availability of veterinary 

specialists, delayed diagnosis, subjective 

interpretation of symptoms, and the increasing 

complexity of animal diseases [12]. AI-driven 

symptom analysis addresses these limitations by 

enabling automated interpretation of clinical data, 

recognition of disease patterns, and intelligent 

decision support for veterinarians. 

Unlike human healthcare, veterinary medicine 

involves a diverse range of species with significant 

variations in anatomy, physiology, genetics, 

behavior, and environmental adaptation. 

Consequently, AI systems designed for veterinary 

applications must account for species-specific 

characteristics, breed-related traits, and varying 

disease manifestations [13]. A successful AI-driven 

veterinary diagnostic system therefore combines 

information from multiple data sources, including 

observable symptoms, medical images, 

physiological signals, behavioral patterns, 

laboratory reports, wearable sensors, and 

environmental monitoring systems, to produce 

accurate diagnostic recommendations. 

This section presents the fundamental concepts 

underlying AI-driven veterinary symptom analysis, 

including the veterinary healthcare ecosystem, 

animal species and breed identification, symptom-

based disease identification, and the overall AI 

workflow used in intelligent veterinary decision-

support systems. 

2.1 Veterinary Healthcare Ecosystem 

Veterinary healthcare encompasses the prevention, 

diagnosis, treatment, and management of diseases 

affecting domestic animals, livestock, companion 

animals, poultry, wildlife, and aquatic species. 

Modern veterinary services extend beyond clinical 

treatment to include preventive healthcare, livestock 

productivity management, zoonotic disease 

surveillance, precision farming, animal welfare, and 

public health protection [14]. 

The veterinary healthcare ecosystem involves 

multiple stakeholders, including veterinarians, 

livestock farmers, animal owners, veterinary 

hospitals, diagnostic laboratories, research 

institutions, pharmaceutical industries, and 

government organizations. AI technologies have 

become increasingly valuable across each stage of 

this ecosystem by facilitating disease surveillance, 

early symptom recognition, automated diagnosis, 

treatment planning, and continuous health 

monitoring [15]. 

Recent advances in digital veterinary healthcare 

have introduced numerous data acquisition 

technologies, including: 

• Electronic Veterinary Health Records 

(EVHR) 

• Digital pathology systems 

• Radiography, CT, MRI, and ultrasound 

imaging 

• Thermal imaging systems 

• Wearable physiological sensors 

• GPS collars and activity trackers 

• IoT-enabled livestock monitoring 

platforms 
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• Smart feeding and environmental 

monitoring systems 

• Mobile veterinary applications 

These technologies generate large volumes of 

heterogeneous data that can be analyzed using AI 

algorithms to improve diagnostic accuracy, reduce 

clinical workload, and support precision veterinary 

medicine. 

2.2 Animal Species and Breed Identification 

Accurate identification of animal species and breed 

forms the foundation of AI-assisted veterinary 

diagnosis. Disease susceptibility, physiological 

characteristics, genetic disorders, nutritional 

requirements, and treatment protocols often vary 

significantly among different animal species and 

breeds. Consequently, reliable species and breed 

recognition enhances the effectiveness of 

downstream disease diagnosis models. Traditional 

identification methods rely on visual inspection, 

pedigree records, ear tags, RFID systems, and DNA-

based analysis. However, these approaches may be 

labor-intensive, time-consuming, or impractical for 

large-scale livestock monitoring [16]. AI-based 

computer vision techniques provide automated 

alternatives capable of recognizing animals using 

facial characteristics, coat patterns, body 

morphology, skeletal structure, gait, horn shape, ear 

structure, and biometric features. 

Deep learning models such as Convolutional Neural 

Networks (CNNs), Vision Transformers (ViTs), 

EfficientNet, ResNet, YOLO, Faster R-CNN, and 

Mask R-CNN have demonstrated excellent 

performance in species recognition and breed 

classification from photographic images and videos. 

These systems enable automated identification of 

cattle, buffaloes, sheep, goats, horses, poultry, pigs, 

dogs, cats, and wildlife species with high accuracy 

[17]. Beyond image analysis, multimodal AI 

systems combine biometric information with 

genomic data, behavioral characteristics, 

environmental context, and physiological 

measurements to improve robustness under varying 

field conditions. Such intelligent identification 

systems support disease surveillance, breeding 

management, traceability, livestock inventory 

management, and wildlife conservation. 

2.3 Symptom-Based Disease Identification 

Symptom analysis constitutes one of the most 

critical stages of veterinary diagnosis. Animals 

cannot verbally communicate discomfort or illness; 

therefore, veterinarians rely on observable 

behavioral, physiological, and clinical 

manifestations to identify underlying diseases [18]. 

AI systems have demonstrated considerable 

potential in automating symptom interpretation by 

learning complex relationships between clinical 

observations and disease outcomes. 

Common symptoms analyzed in veterinary AI 

systems include: 

• Elevated body temperature 

• Reduced feed intake 

• Weight loss 

• Coughing and respiratory distress 

• Nasal discharge 

• Skin lesions 

• Lameness 

• Abnormal gait 

• Changes in posture 

• Reduced activity 

• Aggressive or lethargic behavior 

• Abnormal vocalization 

• Milk production changes 

• Reproductive abnormalities 

Machine learning algorithms analyze these 

symptoms either independently or in combination 

with demographic information, breed 

characteristics, laboratory findings, and imaging 

data to classify diseases or estimate disease 

probability. 

Depending on the application, AI systems may 

perform: 

• Binary disease classification 

• Multi-class disease diagnosis 

• Disease severity assessment 

• Disease progression prediction 

• Early warning detection 

• Risk stratification 

• Differential diagnosis 

Recent studies have demonstrated the effectiveness 

of AI-based symptom analysis for diagnosing 

mastitis, foot-and-mouth disease, bovine respiratory 

disease, avian influenza, canine skin disorders, 

feline ophthalmic diseases, equine lameness, 

parasitic infections, metabolic disorders, and several 

zoonotic diseases [19]. 
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The incorporation of multimodal learning further 

enhances diagnostic performance by simultaneously 

analyzing images, sensor signals, laboratory reports, 

and clinical observations. Such integrated systems 

significantly improve diagnostic reliability while 

reducing false-positive and false-negative 

predictions. 

2.4 AI methodology for Veterinary Decision 

Support Systems 

AI-driven veterinary diagnosis follows a structured 

workflow that transforms raw animal health data 

into clinically meaningful diagnostic 

recommendations. Although implementation varies 

across applications, most intelligent veterinary 

systems share a common pipeline comprising data 

acquisition, preprocessing, feature extraction, model 

development, prediction, and clinical interpretation. 

 

Figure 1. Overview of the artificial intelligence pipeline for veterinary decision support. 

The workflow generally consists of the following 

stages: 

Stage 1: Data Acquisition 

Data are collected from multiple veterinary sources, 

including clinical examinations, electronic health 

records, medical imaging systems, wearable sensors, 

laboratory reports, animal vocalizations, and IoT-

enabled monitoring devices. 

Stage 2: Data Preprocessing 

Raw veterinary data undergo preprocessing 

procedures such as missing-value imputation, noise 

removal, normalization, image enhancement, 

segmentation, feature scaling, augmentation, and 

class balancing to improve data quality and model 

performance. 

Stage 3: Feature Engineering 

Relevant features are extracted using statistical 

analysis, handcrafted descriptors, convolutional 

feature extraction, embedding techniques, 

dimensionality reduction, or multimodal feature 

fusion. Feature selection methods eliminate 

redundant variables while preserving diagnostically 

significant information. 

Stage 4: Machine Learning Model Development 

Preprocessed data are used to train AI models using 

supervised, unsupervised, semi-supervised, or 

reinforcement learning techniques. Traditional 

machine learning algorithms are commonly 

employed for structured clinical datasets, whereas 

deep learning architectures dominate image, audio, 

and video analysis tasks. 

Stage 5: Disease Prediction and Decision Support 

The trained model predicts animal species, breed, 

disease category, disease severity, or health risk. 

Explainable AI methods generate interpretable 

outputs that assist veterinarians in understanding the 

reasoning behind model predictions. 

Stage 6: Clinical Validation and Continuous 

Learning 

Model predictions are validated against expert 

diagnoses, laboratory findings, or follow-up clinical 

observations. Continuous retraining using newly 

collected veterinary data enables the AI system to 

improve its performance, adapt to emerging 

diseases, and maintain long-term reliability. The 

integration of cloud computing, edge intelligence, 

Internet of Things (IoT), blockchain, and 
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explainable AI further enhances the scalability, 

security, transparency, and real-time capabilities of 

veterinary decision-support systems. These 

advancements are expected to play a pivotal role in 

the future of precision veterinary healthcare by 

enabling proactive disease management, intelligent 

livestock monitoring, and evidence-based clinical 

decision-making. In summary, the fundamental 

concepts discussed in this section establish the 

technological foundation for AI-driven veterinary 

symptom analysis. Understanding the veterinary 

healthcare ecosystem, species and breed 

identification, symptom-based disease diagnosis, 

and AI workflow provides the necessary context for 

examining the machine learning techniques, 

datasets, and application domains presented in the 

subsequent sections of this review. 

III. AI Techniques for Veterinary Symptom 

Analysis 

3.1 Traditional Machine Learning Algorithms 

Artificial intelligence-based veterinary diagnosis 

initially relied on traditional machine learning 

algorithms that analyze structured clinical data 

obtained from veterinary examinations, laboratory 

reports, physiological measurements, and 

behavioral observations. These algorithms require 

feature engineering, where clinically relevant 

variables are extracted before model training [20]. 

Despite the emergence of deep learning, 

conventional machine learning models continue to 

play an important role because of their 

computational efficiency, interpretability, and 

effectiveness when dealing with relatively small 

veterinary datasets. Decision Tree (DT) models 

classify diseases by constructing hierarchical 

decision rules based on symptom characteristics and 

clinical measurements [21]. Their transparent 

structure enables veterinarians to interpret 

diagnostic decisions, making them suitable for 

explainable clinical decision-support systems. 

However, Decision Trees are susceptible to 

overfitting when trained on highly complex 

veterinary datasets. 

Random Forest (RF), an ensemble extension of 

Decision Trees, improves prediction performance by 

combining numerous independent trees through 

bootstrap aggregation [22]. Owing to its robustness 

against noisy observations and its ability to estimate 

feature importance, Random Forest has become one 

of the most frequently employed algorithms for 

disease prediction in livestock, companion animals, 

and poultry. Support Vector Machine (SVM) 

identifies optimal decision boundaries between 

disease categories and has demonstrated excellent 

performance for small- and medium-sized 

veterinary datasets [23][24]. By employing 

nonlinear kernel functions, SVM effectively 

separates complex disease patterns that cannot be 

distinguished using linear classifiers. Other widely 

adopted algorithms include K-Nearest Neighbors 

(KNN), which predicts disease classes based on 

similarity among neighboring samples, Naïve Bayes 

(NB), which performs probabilistic classification 

using Bayes' theorem, and Gradient Boosting 

algorithms such as GBM, XGBoost, LightGBM, and 

CatBoost [25][26]. These boosting algorithms 

sequentially improve model performance by 

correcting previous prediction errors and have 

consistently reported superior accuracy in disease 

classification and health risk prediction. 

Table 1. Traditional Machine Learning Algorithms Used in Veterinary Symptom Analysis 

Algorithm Major 

Characteristics 

Typical Veterinary 

Applications 

Advantages Limitations 

Decision Tree [20] Rule-based 

hierarchical 

classifier 

Symptom 

classification, 

disease diagnosis 

Highly interpretable Overfitting 

Random Forest 

[21][22] 

Ensemble of 

decision trees 

Disease prediction, 

livestock monitoring 

High accuracy, 

robust 

Increased 

computational 

cost 

Support Vector 

Machine [23][24] 

Margin-based 

classifier 

Breed classification, 

skin disease 

diagnosis 

Effective for small 

datasets 

Kernel selection 

required 

K-Nearest 

Neighbors 

Distance-based 

learning 

Disease 

classification 

Simple 

implementation 

Slow for large 

datasets 

Naïve Bayes [25] Probabilistic 

classifier 

Clinical symptom 

analysis 

Fast and 

computationally 

efficient 

Assumes feature 

independence 
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XGBoost / 

LightGBM / 

CatBoost [25][26] 

Gradient boosting 

ensemble 

Disease prediction 

and health risk 

assessment 

Excellent predictive 

performance 

Parameter tuning 

required 

3.2 Deep Learning Models for Veterinary 

Applications 

The availability of veterinary medical images, 

videos, thermal images, wearable sensor recordings, 

and animal vocalizations has accelerated the 

adoption of deep learning techniques. Unlike 

traditional machine learning algorithms, deep 

learning architectures automatically learn 

hierarchical feature representations directly from 

raw data, eliminating the need for handcrafted 

feature extraction. Convolutional Neural Networks 

(CNNs) remain the dominant architecture for 

veterinary image analysis because of their 

remarkable ability to recognize spatial patterns in 

radiographs, ultrasound images, CT scans, 

microscopic slides, and skin lesion photographs 

[27][28]. Numerous CNN variants, including 

VGGNet, ResNet, DenseNet, EfficientNet, 

MobileNet, and InceptionNet, have achieved state-

of-the-art performance in animal species 

identification, breed recognition, lesion detection, 

lameness assessment, and disease diagnosis. 

Sequential veterinary data such as physiological 

signals, activity monitoring records, and behavioral 

observations are effectively analyzed using 

Recurrent Neural Networks (RNNs) and Long 

Short-Term Memory (LSTM) networks [29][30]. 

These architectures capture temporal dependencies, 

enabling early detection of disease progression and 

abnormal behavioral patterns. More recently, 

transformer-based architectures have gained 

significant attention. Vision Transformers (ViTs) 

employ self-attention mechanisms that capture long-

range dependencies within images, making them 

particularly effective for fine-grained breed 

recognition and disease localization [31][32]. 

Multimodal deep learning models further integrate 

heterogeneous data sources—including images, 

clinical records, wearable sensors, and 

environmental measurements—to improve 

diagnostic accuracy. 

Table 2. Deep Learning Models for Veterinary Healthcare 

Model Input Data Major Applications Strengths 

CNN[27][28] Medical and animal 

images 

Species recognition, disease 

diagnosis 

Excellent spatial feature 

extraction 

ResNet [29] Images Breed classification, lesion 

detection 

Deep architecture with 

residual learning 

DenseNet [30] Images Disease diagnosis Strong feature reuse 

EfficientNet[30] Images Large-scale disease 

identification 

High accuracy with fewer 

parameters 

LSTM [31] Time-series data Behaviour monitoring, disease 

progression 

Learns temporal 

relationships 

Vision Transformer 

[32] 

Images Fine-grained classification Captures global contextual 

information 

Multimodal Networks 

[32] 

Image + sensor + 

clinical data 

Comprehensive veterinary 

diagnosis 

Improved diagnostic 

robustness 

3.3 Hybrid and Ensemble Learning Approaches 

Recent research demonstrates that hybrid and 

ensemble learning approaches consistently 

outperform individual machine learning models. 

These methods combine complementary algorithms 

to improve classification accuracy, robustness, and 

generalization across multiple animal species and 

disease categories. Ensemble learning strategies, 

including bagging, boosting, stacking, and majority 

voting, reduce prediction variance and improve 

reliability. Hybrid architectures integrate feature 

extraction capabilities of deep learning models with 

the classification strengths of traditional machine 

learning algorithms [33]. For example, CNN-

derived image features are frequently classified 

using Support Vector Machines, Random Forests, or 

XGBoost classifiers. Similarly, CNN-LSTM 
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architectures combine spatial and temporal feature 

extraction for continuous health monitoring, while 

transformer-based hybrid models have 

demonstrated remarkable effectiveness for 

multimodal veterinary diagnosis [34][35]. The 

growing availability of multimodal veterinary 

datasets has further encouraged the development of 

integrated AI systems capable of simultaneously 

analyzing medical images, electronic health records, 

physiological signals, environmental data, and 

animal behavioral characteristics [36][37]. These 

systems provide comprehensive decision support 

and are expected to become the foundation of next-

generation precision veterinary healthcare. 

Table 3. Representative Hybrid AI Models 

Hybrid 

Model 

Purpose Veterinary 

Application 

CNN + SVM 

[33] 

Image feature 

extraction and 

classification 

Skin disease 

diagnosis 

CNN + 

Random 

Forest [34] 

Improved 

classification 

Breed 

identification 

CNN + 

XGBoost 

[35] 

Enhanced 

disease 

prediction 

Animal health 

condition 

assessment 

CNN + 

LSTM [36] 

Spatial–

temporal 

learning 

Behaviour 

analysis and 

disease 

progression 

Vision 

Transformer 

+ CNN [37] 

Global and 

local feature 

learning 

Species and 

disease 

recognition 

Multimodal 

AI 

Framework 

[37] 

Fusion of 

multiple data 

sources 

Intelligent 

veterinary 

decision 

support 

3.4 Explainable Artificial Intelligence (XAI) in 

Veterinary Diagnosis 

The increasing complexity of deep learning models 

has created a growing need for explainable artificial 

intelligence (XAI). Clinical acceptance of AI-based 

veterinary decision-support systems depends not 

only on predictive accuracy but also on the ability of 

veterinarians to understand the reasoning behind 

model predictions. XAI techniques improve 

transparency by identifying the features or image 

regions that contribute most significantly to 

diagnostic decisions. Among the most widely 

adopted methods, SHAP provides quantitative 

estimates of feature importance, LIME generates 

local explanations for individual predictions, and 

Grad-CAM highlights discriminative regions within 

veterinary medical images. These techniques enable 

veterinarians to validate AI predictions against 

clinical knowledge, thereby improving trust, 

accountability, and decision confidence. Although 

XAI has significantly enhanced model 

interpretability, further research is required to 

develop explainable frameworks capable of 

handling multimodal veterinary datasets, diverse 

animal species, and complex disease interactions. 

Integrating explainability with high-performance AI 

models remains one of the most important research 

directions in intelligent veterinary healthcare. 

IV. Data Sources and Feature Engineering 

Artificial intelligence-based veterinary diagnosis is 

fundamentally dependent on the quality, diversity, 

and representativeness of the available data. The 

predictive capability of machine learning models is 

influenced not only by the selected algorithm but 

also by the characteristics of the input data, feature 

engineering strategies, and preprocessing techniques 

employed before model development. In veterinary 

healthcare, data originate from heterogeneous 

sources including clinical examinations, medical 

imaging, wearable sensors, laboratory 

investigations, genomic studies, and environmental 

monitoring systems. The integration of these 

multimodal datasets has significantly improved the 

ability of AI systems to recognize animal species, 

classify breeds, interpret clinical symptoms, and 

identify diseases with greater precision. 

Consequently, effective data management and 

feature engineering have become indispensable 

components of intelligent veterinary diagnostic 

systems [38][39]. 

4.1 Public Veterinary Datasets and Benchmark 

Repositories 

The rapid advancement of AI in veterinary medicine 

has been facilitated by the availability of publicly 

accessible datasets that enable researchers to 

develop, train, and evaluate machine learning 

algorithms. These datasets encompass a broad 

spectrum of animal species, diseases, imaging 

modalities, and physiological measurements. 

Depending on the application, datasets may contain 

structured clinical records, radiographic images, 

histopathological slides, skin lesion photographs, 

facial images, thermal images, animal vocalizations, 

sensor readings, or behavioral observations. 

Several benchmark repositories have become widely 

adopted in veterinary AI research. Image 

repositories containing radiographs, ultrasound 

scans, retinal images, and skin lesion photographs 

are extensively utilized for disease classification and 

lesion detection. Livestock monitoring datasets 

obtained from wearable accelerometers, GPS 

devices, and IoT platforms support studies involving 
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lameness detection, feeding behavior analysis, and 

health monitoring. Similarly, wildlife image 

collections acquired through camera traps have 

enabled automated species recognition and 

biodiversity assessment using computer vision 

algorithms. 

The increasing availability of multimodal datasets 

has encouraged researchers to combine 

heterogeneous information sources, resulting in 

improved diagnostic accuracy and greater 

robustness under varying environmental conditions. 

Nevertheless, compared with human healthcare, 

veterinary datasets remain relatively limited in size 

and diversity, particularly for rare diseases and 

underrepresented animal species. 

Table 4. Representative Public Veterinary 

Datasets 

Dataset Anim

al 

Type 

Data 

Modali

ty 

Primary 

Applicati

on 

Re

f. 

Animal 

Faces-

HQ 

(AFHQ) 

Cats, 

Dogs, 

Wildli

fe 

Images Species 

and breed 

classificat

ion 

[40

] 

Stanford 

Dogs 

Dataset 

Dogs Images Breed 

identificat

ion 

[41

] 

Oxford-

IIIT Pet 

Dataset 

Cats 

and 

Dogs 

Images Breed 

recognitio

n and 

segmentat

ion 

[42

] 

Animal

Web 

Dataset 

Multip

le 

Specie

s 

Facial 

Images 

Animal 

face 

recognitio

n 

[43

] 

Snapshot 

Serengeti 

Wildli

fe 

Camer

a trap 

images 

Wildlife 

species 

identificat

ion 

[44

] 

Dairy 

Cow 

Activity 

Dataset 

Dairy 

Cattle 

Sensor 

Data 

Behaviour 

and health 

monitorin

g 

[45

] 

4.2 Clinical and Physiological Features 

Clinical features constitute one of the most 

informative sources for AI-driven veterinary 

diagnosis. During routine examinations, 

veterinarians collect demographic, physiological, 

biochemical, and behavioral information that 

provides valuable insight into an animal's health 

status. Commonly recorded variables include age, 

species, breed, sex, body weight, body temperature, 

respiratory rate, heart rate, blood pressure, feed 

intake, milk production, reproductive status, and 

vaccination history. Laboratory investigations 

further contribute hematological, biochemical, 

hormonal, and microbiological parameters that 

improve disease prediction. For example, blood 

glucose concentration, white blood cell count, liver 

enzyme activity, inflammatory biomarkers, and 

metabolic indicators have been successfully 

employed in machine learning models for 

diagnosing infectious, metabolic, and endocrine 

disorders [17], [25]. Feature engineering methods 

such as normalization, feature scaling, statistical 

transformation, correlation analysis, recursive 

feature elimination, principal component analysis 

(PCA), and mutual information analysis are 

commonly employed to identify the most 

discriminative clinical variables. These approaches 

reduce redundancy, improve computational 

efficiency, and enhance model generalization. 

4.3 Image-Based Features 

Medical imaging represents one of the most 

important data modalities in veterinary artificial 

intelligence. Digital radiography, computed 

tomography (CT), magnetic resonance imaging 

(MRI), ultrasound, thermography, fundus imaging, 

microscopic pathology slides, and external 

photographs provide detailed anatomical and 

pathological information for disease diagnosis. Deep 

learning models automatically extract hierarchical 

image representations through convolutional 

operations, enabling accurate recognition of disease-

specific visual patterns. In veterinary applications, 

image-based features have been successfully 

utilized for diagnosing pneumonia, mastitis, 

orthopedic disorders, dermatological diseases, 

dental abnormalities, retinal disorders, parasitic 

infections, and musculoskeletal injuries [26], [27]. 

Prior to model training, images generally undergo 

preprocessing operations including resizing, 

contrast enhancement, histogram equalization, 

normalization, noise reduction, segmentation, and 

augmentation. These techniques improve image 

quality while reducing variability caused by 

illumination, camera position, and environmental 

conditions. 

4.4 Audio and Sensor-Based Features 

Recent developments in precision livestock farming 

have expanded the use of wearable sensors and 

acoustic monitoring systems for continuous animal 

health assessment. Accelerometers, gyroscopes, 

GPS devices, RFID tags, temperature sensors, heart 

rate monitors, rumination sensors, and 

environmental sensors continuously record 

physiological and behavioral information. Similarly, 

acoustic sensors capture animal vocalizations that 
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contain valuable indicators of stress, respiratory 

disorders, pain, reproductive status, and welfare 

conditions. Machine learning algorithms analyze 

temporal and spectral characteristics such as Mel-

frequency cepstral coefficients (MFCCs), 

spectrograms, pitch, energy, and frequency 

distributions to identify abnormal vocal patterns 

associated with disease [28], [29]. The combination 

of wearable sensing and AI enables real-time 

monitoring of livestock health, early disease 

detection, estrus identification, lameness 

monitoring, and behavioral anomaly detection while 

minimizing manual intervention. 

4.5 Data Preprocessing and Augmentation 

Techniques 

Raw veterinary datasets frequently contain missing 

observations, noisy measurements, imbalanced class 

distributions, inconsistent annotations, and 

heterogeneous feature scales. Therefore, data 

preprocessing constitutes a critical step before 

model development. Structured datasets generally 

undergo missing-value imputation, outlier removal, 

normalization, feature scaling, categorical encoding, 

and class balancing using techniques such as 

Synthetic Minority Oversampling Technique 

(SMOTE). For image datasets, preprocessing 

typically includes resizing, normalization, 

denoising, histogram equalization, segmentation, 

and color-space transformation [30]. 

To improve model generalization and reduce 

overfitting, image augmentation techniques are 

widely employed. Common augmentation 

operations include horizontal and vertical flipping, 

random rotation, scaling, cropping, translation, 

brightness adjustment, contrast enhancement, 

Gaussian noise addition, and random erasing. These 

methods artificially increase dataset diversity 

without requiring additional data collection [31]. 

Recent advances have also introduced Generative 

Adversarial Networks (GANs), diffusion models, 

and self-supervised learning approaches for 

generating synthetic veterinary data and addressing 

class imbalance. Such techniques have demonstrated 

considerable potential in improving diagnostic 

performance when annotated veterinary datasets are 

limited [32]. 

Overall, the effectiveness of AI-driven veterinary 

healthcare systems depends not only on 

sophisticated machine learning algorithms but also 

on the quality of the underlying datasets, appropriate 

feature engineering strategies, and robust 

preprocessing techniques. The integration of 

structured clinical records, medical images, sensor 

measurements, and multimodal information is 

expected to further improve the reliability, 

scalability, and clinical applicability of intelligent 

veterinary diagnostic systems. 

V. Applications and challenges of AI-

Driven Symptom Analysis in Veterinary 

Healthcare 

Artificial intelligence has rapidly transformed 

veterinary healthcare by enabling automated 

interpretation of clinical symptoms, medical images, 

physiological measurements, behavioural 

characteristics, and environmental information. 

Unlike traditional veterinary diagnosis, which 

primarily depends on clinical expertise and 

laboratory investigations, AI-driven systems 

provide rapid, objective, and scalable decision 

support capable of improving disease diagnosis, 

animal welfare, and livestock productivity. Machine 

learning and deep learning models have 

demonstrated remarkable effectiveness across 

diverse veterinary domains, including species 

identification, breed classification, disease 

diagnosis, livestock monitoring, companion animal 

healthcare, and wildlife conservation. This section 

reviews the major application areas where AI-based 

symptom analysis has significantly contributed to 

modern veterinary practice. 

5.1 Animal Species Identification 

Automatic identification of animal species 

represents one of the earliest and most widely 

investigated applications of computer vision in 

veterinary healthcare. Accurate species recognition 

is essential because disease susceptibility, 

physiological characteristics, nutritional 

requirements, and treatment strategies vary 

considerably across animal species. Conventional 

identification methods relying on visual inspection, 

RFID tags, and DNA analysis are often labor-

intensive and unsuitable for large-scale livestock 

management. Recent advances in deep learning have 

enabled automatic species recognition using 

photographs, surveillance videos, thermal images, 

and camera trap datasets. Convolutional Neural 

Networks (CNNs), ResNet, EfficientNet, YOLO, 

Faster R-CNN, and Vision Transformers have 

achieved remarkable classification accuracy by 

learning discriminative visual features such as body 

morphology, facial characteristics, coat patterns, 

horn structure, and skeletal appearance [33]–[36]. 

Species identification systems have found extensive 

applications in livestock census management, 

wildlife conservation, biodiversity assessment, 

smart farming, and automated veterinary diagnosis. 

Integration with drone imagery and edge computing 

platforms has further enabled real-time monitoring 

of free-ranging animals across large geographical 

regions. 

5.2 Breed Classification 

Breed identification plays an important role in 

veterinary medicine because genetic traits influence 

disease susceptibility, productivity, reproductive 
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performance, behaviour, and nutritional 

requirements. Accurate breed recognition assists 

veterinarians in selecting appropriate treatment 

strategies and supports breeding management 

programmes. Machine learning approaches initially 

relied on handcrafted morphological features such as 

body dimensions, coat colour, ear shape, and facial 

geometry. However, recent deep learning 

architectures automatically extract highly 

discriminative breed-specific features directly from 

images, significantly improving recognition 

accuracy. CNN-based transfer learning models 

including ResNet, DenseNet, EfficientNet, and 

MobileNet have demonstrated excellent 

performance for breed classification in cattle, sheep, 

goats, horses, dogs, and cats. More recently, Vision 

Transformers have shown improved capability for 

distinguishing visually similar breeds owing to their 

global attention mechanisms [35], [37]. Automated 

breed identification has become increasingly 

important for livestock traceability, breeding 

optimisation, pedigree verification, insurance 

verification, and precision livestock farming. 

5.3 Symptom Recognition and Analysis 

Symptom analysis constitutes the core component of 

AI-driven veterinary diagnosis. Since animals 

cannot verbally communicate discomfort or illness, 

veterinarians rely on observable physiological and 

behavioural symptoms to infer underlying diseases. 

Artificial intelligence enables automatic recognition 

of subtle abnormalities that may not be immediately 

detectable during routine clinical examinations. 

Recent AI systems analyse a wide range of 

symptoms including body posture, locomotion, gait 

abnormalities, coughing frequency, respiratory 

patterns, feeding behaviour, body temperature, 

facial expressions, rumination activity, vocalisation 

patterns, and social interactions. Wearable sensors, 

thermal cameras, microphones, accelerometers, and 

computer vision systems continuously acquire these 

data for real-time monitoring [38], [39]. Deep 

learning models have significantly improved early 

disease detection by identifying behavioural 

deviations before visible clinical symptoms appear. 

Such systems support continuous health surveillance 

while reducing labour requirements in commercial 

livestock production. 

5.4 Disease Identification and Prediction 

Disease diagnosis remains the most extensively 

investigated application of AI in veterinary 

healthcare. Machine learning algorithms analyse 

multimodal veterinary information to classify 

infectious diseases, metabolic disorders, 

musculoskeletal abnormalities, respiratory diseases, 

dermatological conditions, reproductive disorders, 

and neurological illnesses. Deep learning 

architectures have achieved state-of-the-art 

performance in veterinary image interpretation, 

including radiographs, ultrasound scans, CT images, 

MRI scans, retinal images, histopathological slides, 

and dermatological photographs. Simultaneously, 

structured clinical records and laboratory 

investigations are analysed using ensemble machine 

learning models such as Random Forest, XGBoost, 

and LightGBM for disease prediction and prognosis 

[46][47]. AI-assisted diagnosis has demonstrated 

substantial improvements in detecting mastitis, 

bovine respiratory disease, avian influenza, foot-

and-mouth disease, canine skin disorders, feline 

ophthalmic diseases, equine lameness, parasitic 

infections, and metabolic diseases. These systems 

enable earlier intervention, reduce economic losses, 

and improve treatment outcomes. 

5.5 Livestock Health Monitoring 

Precision livestock farming has emerged as one of 

the fastest-growing application areas of AI. 

Continuous monitoring systems integrate wearable 

sensors, environmental sensors, IoT devices, 

computer vision, and machine learning algorithms to 

assess animal health, welfare, productivity, and 

behaviour in real time. Accelerometers measure 

physical activity and locomotion, GPS devices 

monitor movement patterns, thermal sensors 

estimate body temperature, while rumination 

sensors analyse feeding behaviour. Machine 

learning models combine these heterogeneous 

measurements to detect diseases, identify stress 

conditions, monitor reproductive cycles, and predict 

production performance [28]. AI-driven livestock 

monitoring has significantly reduced manual 

observation while improving herd management 

efficiency, animal welfare, and sustainable 

agricultural production. 

5.6 Companion Animal Healthcare 

Companion animals, particularly dogs and cats, have 

become important beneficiaries of AI-assisted 

veterinary diagnosis. Veterinary clinics increasingly 

employ computer vision systems for dermatological 

assessment, dental disease diagnosis, retinal 

analysis, orthopaedic evaluation, and tumour 

detection. Smart wearable collars equipped with 

accelerometers, heart-rate sensors, GPS modules, 

and activity monitors continuously collect 

physiological and behavioural information. Machine 

learning algorithms analyse these data to identify 

abnormal behaviour, detect chronic diseases, 

estimate pain levels, and monitor post-operative 

recovery [48]. Telemedicine platforms integrated 

with AI further enable remote consultation, 

symptom analysis, and treatment recommendation, 

improving accessibility to veterinary care for 

companion animals. 
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5.7 Wildlife Disease Surveillance 

Wildlife disease surveillance has become 

increasingly important because of the emergence of 

zoonotic diseases and biodiversity conservation 

challenges. Camera traps, unmanned aerial vehicles 

(UAVs), satellite imagery, acoustic sensors, and 

environmental monitoring systems generate large-

scale wildlife datasets suitable for AI analysis. 

Computer vision models automatically identify 

animal species, estimate population sizes, detect 

behavioural abnormalities, and recognise visible 

disease symptoms. Machine learning algorithms 

further analyse ecological variables and 

environmental conditions to predict disease 

outbreaks and habitat-associated health risks [23]. 

AI-based wildlife monitoring supports conservation 

programmes, biodiversity assessment, ecosystem 

management, and early detection of zoonotic disease 

transmission between wildlife, livestock, and 

humans. 

Table 5. Major Applications of AI in Veterinary Symptom Analysis 

Application 

Area 

AI Techniques Data Sources Major Outcomes Ref. 

Species 

Identification 

CNN, YOLO, ViT Animal images, 

camera traps 

Automatic species recognition [33]–

[36] 

Breed 

Classification 

CNN, EfficientNet, 

ResNet 

Facial and body 

images 

Breed identification [35], 

[37] 

Symptom 

Analysis 

CNN, LSTM, Sensor 

Analytics 

Clinical records, 

sensors 

Early symptom detection [38], 

[39] 

Disease 

Diagnosis 

RF, XGBoost, CNN, 

ViT 

Images, laboratory 

data 

Disease classification [36] 

Livestock 

Monitoring 

IoT + ML Wearable sensors Health and welfare monitoring [28], 

[48] 

Companion 

Animal 

Healthcare 

Deep Learning Clinical images, 

wearables 

Disease diagnosis and 

monitoring 

[46] 

Wildlife 

Surveillance 

Computer Vision, CNN Camera trap images Species monitoring and disease 

surveillance 

[23], 

[48] 

AI-driven symptom analysis has evolved from 

simple image classification tasks to comprehensive 

intelligent veterinary decision-support systems 

capable of integrating multimodal information from 

clinical records, medical images, wearable sensors, 

and environmental monitoring platforms. As large-

scale veterinary datasets continue to grow and 

multimodal foundation models become increasingly 

available, AI is expected to play an even greater role 

in precision veterinary medicine, enabling earlier 

disease detection, personalized treatment strategies, 

and continuous health monitoring across diverse 

animal populations. 

Table 6. Major Challenges in AI-Driven 

Veterinary Symptom Analysis 

Challenge Impact on AI 

Systems 

Potential 

Research 

Direction 

Limited 

annotated 

Poor model 

generalization 

Large 

collaborative 

veterinary 

datasets 

benchmark 

repositories 

Class 

imbalance 

and rare 

diseases 

Reduced 

diagnostic 

accuracy 

Synthetic data 

generation, 

GANs, 

diffusion 

models 

Species and 

breed 

diversity 

Weak cross-

species 

transferability 

Transfer 

learning, 

domain 

adaptation, 

foundation 

models 

Multimodal 

data 

integration 

Complex 

feature fusion 

Multimodal 

transformers 

and fusion 

architectures 



Journal of Animal Environment, Vol. 18, No. 1s, Spring 2026 

 

1085 

Lack of 

explainability 

Low clinician 

trust 

SHAP, LIME, 

Grad-CAM, 

trustworthy AI 

Real-time 

deployment 

High 

computational 

cost 

Edge AI and 

lightweight 

deep learning 

Ethical and 

regulatory 

concerns 

Limited 

clinical 

adoption 

AI governance 

and validation 

frameworks 

Table 7. Future Research Opportunities 

Research 

Area 

Emerging 

Technologies 

Expected 

Impact 

Veterinary 

Foundation 

Models 

Large 

Language 

Models, 

Vision-

Language 

Models 

General-

purpose 

veterinary 

intelligence 

Explainable 

AI 

SHAP, 

Multimodal 

XAI 

Improved 

transparency 

and clinical 

trust 

Precision 

Livestock 

Farming 

IoT, Edge AI, 

Digital Twins 

Continuous 

health 

monitoring 

Federated 

Learning 

Privacy-

preserving 

collaborative 

learning 

Multi-

institutional AI 

development 

Multimodal 

Learning 

Images, 

sensors, 

clinical 

records, 

genomics 

More accurate 

disease 

diagnosis 

One Health 

Surveillance 

AI with 

wildlife and 

livestock 

monitoring 

Early zoonotic 

disease 

detection 

The future of AI-driven veterinary healthcare lies in 

the development of robust, explainable, multimodal, 

and clinically deployable intelligent systems. 

Addressing current limitations in data availability, 

model generalization, explainability, and 

deployment will enable the next generation of 

veterinary AI platforms to provide reliable, 

transparent, and real-time decision support across 

companion animals, livestock, poultry, and wildlife. 

Continued collaboration among veterinarians, AI 

researchers, regulatory agencies, and industry 

stakeholders will be essential for translating these 

advances into practical clinical solutions that 

improve animal health, welfare, and sustainable 

livestock production.  

VI. Conclusion 

Artificial intelligence has emerged as a 

transformative technology in veterinary healthcare, 

offering innovative solutions for animal species 

identification, breed classification, symptom 

analysis, disease diagnosis, and continuous health 

monitoring. This review comprehensively examined 

the evolution of AI-driven veterinary symptom 

analysis by discussing traditional machine learning 

algorithms, deep learning models, hybrid 

approaches, explainable artificial intelligence, 

veterinary datasets, feature engineering techniques, 

and their applications across livestock, companion 

animals, poultry, and wildlife. The reviewed 

literature demonstrates that modern AI techniques, 

particularly convolutional neural networks, 

transformer-based models, and multimodal learning 

frameworks, have significantly improved diagnostic 

accuracy, early disease detection, and automated 

clinical decision support. Despite these 

advancements, several challenges continue to hinder 

the widespread adoption of AI in veterinary practice. 

Limited availability of standardized and annotated 

datasets, interspecies variability, class imbalance, 

insufficient model interpretability, computational 

complexity, and regulatory concerns remain 

significant obstacles. Addressing these issues 

requires collaborative efforts among veterinarians, 

researchers, technology developers, and 

policymakers to establish robust data-sharing 

frameworks, standardized evaluation protocols, and 

clinically validated AI systems. Future research 

should focus on developing explainable, 

trustworthy, and multimodal AI models capable of 

integrating clinical records, medical images, 

wearable sensor data, genomic information, and 

environmental parameters. Emerging technologies 

such as foundation models, federated learning, edge 

AI, and self-supervised learning offer promising 

opportunities for building scalable and privacy-

preserving veterinary decision-support systems. 

Overall, AI-driven symptom analysis has the 

potential to revolutionize veterinary medicine by 

enabling precision diagnosis, improving animal 

welfare, supporting sustainable livestock 

management, and strengthening disease 

surveillance. Continued interdisciplinary research 

and responsible implementation will be essential to 

fully realize the benefits of intelligent veterinary 

healthcare within the broader One Health 

ecosystem. 
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