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Abstract

Environmental stress and disease occurrence are major challenges affecting animal welfare, productivity, and
sustainability in modern livestock production systems. This study proposes an intelligent machine learning-
based framework for predicting environmental stress and associated disease risk through the integrated
analysis of environmental, behavioral, physiological, and health-related livestock data. The framework
incorporates data acquisition, preprocessing, feature engineering, environmental stress prediction, disease-
risk assessment, and sustainability-oriented decision support. Environmental variables such as temperature,
humidity, air quality, ventilation conditions, and Temperature-Humidity Index are analyzed together with
animal-level indicators including body temperature, respiration rate, activity, feeding behavior, water
consumption, and rumination. Multiple machine learning algorithms, including Logistic Regression, Decision
Tree, Random Forest, Support Vector Machine, Gradient Boosting, and Artificial Neural Network, are
comparatively evaluated. The results indicate that Gradient Boosting provides the strongest predictive
performance, achieving 95.21% accuracy for environmental stress prediction and 94.36% accuracy for
disease-risk prediction. The proposed framework enables early identification of potentially unfavorable
conditions and supports preventive interventions related to environmental control, animal monitoring, and
health management. The integration of intelligent prediction with livestock monitoring can contribute to
improved animal welfare, reduced health-related losses, efficient resource utilization, and more sustainable
livestock production.

Keywords: Sustainable Livestock Systems, Environmental Stress, Disease Risk Prediction, Machine Learning,
Precision Livestock Farming, Animal Welfare, Intelligent Decision Support.

1. Introduction

Livestock production is an essential component of the global agricultural system, contributing significantly
to food security, rural livelihoods, employment, and economic development. The increasing demand for
animal-derived products has encouraged the development of intensive livestock production systems
capable of improving productivity and resource utilization. However, livestock productivity and animal
health are strongly influenced by environmental conditions, including temperature, relative humidity, air
quality, ventilation, water availability, housing conditions, and seasonal variations. Prolonged exposure to
unfavorable environmental conditions can induce physiological stress, reduce feed intake, affect
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reproductive performance, weaken immune responses, and increase susceptibility to diseases [1].
Therefore, continuous assessment of environmental stress and associated disease risks is important for
maintaining animal welfare and achieving sustainable livestock production.

1.1 Background and Motivation

Environmental stress represents a major challenge in modern livestock management, particularly under
changing climatic conditions. Heat stress is among the most prominent environmental concerns because
elevated temperature and humidity can disrupt the thermoregulatory mechanisms of animals. In addition
to thermal conditions, poor air quality, excessive concentrations of harmful gases, inadequate ventilation,
overcrowding, and unsuitable housing conditions can negatively influence animal health [2]. These
environmental factors often interact with animal-specific characteristics such as age, breed, body condition,
activity, feeding behavior, and physiological status, making livestock health assessment a complex and
multidimensional problem.

Conventional livestock management primarily depends on periodic physical inspection and the experience
of farmers or veterinary professionals. Although these approaches remain important, they may not provide
sufficiently early indications of environmental stress or emerging disease conditions. Symptoms may
become clearly observable only after the animal has experienced substantial physiological disturbance. The
increasing availability of Internet of Things (IoT) devices, environmental sensors, wearable technologies,
automated monitoring systems, and livestock management databases provides opportunities to
continuously collect environmental, behavioral, and physiological information [3]. Such data can support
intelligent prediction models capable of recognizing patterns associated with stress and disease before
severe consequences occur.

1.2 Environmental Stress and Livestock Health

Livestock animals continuously interact with their surrounding environment, and changes in
environmental conditions can directly influence their physiological and behavioral responses.
Temperature, humidity, air quality, solar radiation, rainfall, and housing conditions are among the major
environmental variables associated with livestock stress. For example, high temperature combined with
elevated relative humidity may increase thermal load and result in heat stress. Animals experiencing
thermal stress may exhibit increased respiration, reduced feed consumption, altered activity, decreased
milk or meat production, and impaired reproductive performance [4].

Environmental stress can also contribute indirectly to disease development by weakening immune
responses and creating conditions favorable for pathogens. Poor ventilation and elevated concentrations
of ammonia or other gases may increase respiratory problems, while excessive humidity can support
microbial growth within livestock housing environments. Consequently, environmental stress and disease
risk should not always be considered as independent management problems [5]. Their combined analysis
can provide a more comprehensive representation of livestock health and enable preventive intervention
before conditions become critical.

1.3 Role of Intelligent Prediction in Sustainable Livestock Systems

Advances in artificial intelligence (Al) and machine learning (ML) have created opportunities to transform
livestock monitoring from reactive observation toward predictive and preventive management. Intelligent
prediction models can process large volumes of heterogeneous data collected from environmental sensors,
wearable devices, animal records, and farm management systems [6]. By identifying complex relationships
among environmental conditions, physiological indicators, behavioral patterns, and historical disease
occurrences, these models can estimate the probability of environmental stress and potential disease risk.
Machine learning techniques such as logistic regression, decision trees, random forests, support vector
machines, gradient boosting, and artificial neural networks can be applied to livestock monitoring data for
classification and prediction. More advanced deep learning approaches can further capture nonlinear and
temporal relationships in continuously collected sensor data. The predicted information can subsequently
be transformed into risk levels, alerts, and management recommendations for farmers and livestock
managers.

The integration of intelligent prediction with sustainable livestock management is particularly important
because early intervention can reduce unnecessary resource consumption, prevent productivity losses,
improve animal welfare, and support efficient farm operations. Predictive information may assist farmers
in adjusting ventilation, cooling, feeding, water supply, housing conditions, and veterinary interventions
according to identified risks [7]. Thus, intelligent prediction can contribute simultaneously to animal
health, farm productivity, resource efficiency, and environmental sustainability.

1.4 Research Problem and Objectives

Despite significant developments in precision livestock farming, environmental monitoring and animal
health prediction are frequently addressed as separate analytical tasks. Environmental monitoring systems
commonly focus on measuring climatic or housing parameters, whereas disease prediction approaches
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often concentrate primarily on clinical or physiological information. Such isolated analysis may overlook
the relationship between environmental stress and subsequent health deterioration.

The present study therefore focuses on developing an intelligent data-driven framework for the integrated
prediction of environmental stress and disease risk in sustainable livestock systems. The framework
considers environmental, animal-related, behavioral, and health indicators to generate predictive
information that can support timely livestock management decisions. The major objectives are to identify
important environmental and animal-related risk factors, preprocess and integrate heterogeneous
livestock monitoring data, develop machine learning-based models for stress and disease-risk prediction,
evaluate their predictive performance, and translate model outputs into actionable decision-support
information.

1.5 Contributions of the Study

The principal contribution of this study is an integrated intelligent prediction framework that establishes
a relationship between environmental conditions, livestock stress, and potential disease risk. Unlike
monitoring approaches that primarily report current sensor measurements, the proposed approach
emphasizes predictive assessment to identify potentially unfavorable conditions before substantial effects
on animal health and productivity occur. The framework integrates environmental and livestock-related
information through systematic preprocessing and feature engineering and applies machine learning
techniques for environmental stress and disease-risk estimation.

Furthermore, the study evaluates the predictive models using appropriate performance measures and
comparative analysis to determine their effectiveness and reliability. The resulting predictions are
incorporated into a sustainability-oriented decision-support mechanism that can provide risk assessment
and management recommendations. Through the combined consideration of animal welfare, disease
prevention, environmental conditions, and resource-efficient management, the proposed approach aims to
support the transition toward more intelligent, preventive, and sustainable livestock production systems.

2. Literature Review

The increasing adoption of digital technologies in livestock farming has encouraged research on
environmental monitoring, animal health assessment, disease prediction, and intelligent farm
management. Existing studies have investigated environmental stress indicators, sensor-based monitoring,
machine learning models, and precision livestock farming as mechanisms for improving animal health and
productivity. However, environmental stress prediction and disease-risk assessment are frequently
addressed independently. This section reviews the major developments relevant to the proposed
intelligent prediction framework and identifies the research gaps associated with integrating
environmental, behavioral, and health information for sustainable livestock management.

2.1 Environmental Stress Factors in Livestock Systems

Environmental conditions have a substantial influence on livestock health, productivity, and welfare.
Temperature and relative humidity are among the most frequently investigated variables because their
combined effects determine the thermal load experienced by animals. The Temperature-Humidity Index
(THI) is widely used as an indicator for assessing heat-stress conditions in cattle and other livestock
species. Increasing THI levels have been associated with changes in respiration, feed consumption, milk
production, reproductive efficiency, and general animal behaviour [8].

Environmental stress is nevertheless influenced by more than temperature and humidity. Ventilation, air
velocity, solar radiation, stocking density, water availability, dust, and concentrations of gases such as
ammonia and carbon dioxide can affect the microenvironment surrounding livestock. Poorly controlled
housing environments may expose animals to prolonged thermal or respiratory stress [9]. Seasonal
changes can further modify these conditions and produce considerable variations in animal responses.
Recent livestock management approaches therefore increasingly rely on continuous environmental
measurements rather than occasional observations. Sensor networks can capture changes in temperature,
humidity, air quality, and other environmental variables at short intervals, providing a more detailed
representation of livestock exposure. However, monitoring environmental parameters alone does not
necessarily indicate how individual animals respond to these conditions. This limitation motivates the
integration of environmental measurements with behavioral and physiological indicators.

2.2 Disease Risk and Animal Health Monitoring

Disease prevention is a major requirement for sustainable livestock production because disease outbreaks
can reduce productivity, increase veterinary costs, affect animal welfare, and generate substantial
economic losses. Conventional health assessment typically relies on physical examination, visual
symptoms, laboratory tests, and veterinary diagnosis [10]. Although these methods are essential for
confirming diseases, their effectiveness for continuous early-risk detection may be limited.

Vol.6, No.6s, 2026 1241


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Research in precision livestock farming has therefore examined measurable indicators that can provide
early evidence of health deterioration. These include body temperature, heart rate, respiration rate, feeding
frequency, water consumption, rumination, movement, posture, sleeping behavior, and changes in
production. Abnormal variations in these indicators may occur before clearly visible clinical symptoms
develop [11].

Disease risk may also be influenced by environmental conditions. Thermal stress can reduce immune
efficiency, while poor ventilation and high concentrations of airborne contaminants may increase
susceptibility to respiratory disorders [12]. High humidity and unsuitable housing conditions can facilitate
microbial growth and pathogen transmission. Consequently, combining environmental and animal-level
indicators may improve the identification of situations associated with increased disease risk.

2.3 10T and Sensor-Based Livestock Monitoring

The Internet of Things has become an important technological foundation for precision livestock farming.
IoT-enabled monitoring systems use environmental sensors, wearable devices, smart collars, cameras,
RFID systems, accelerometers, and other connected devices to collect information continuously from
livestock and their surrounding environment. These technologies reduce dependence on manual
observation and enable remote monitoring of large animal populations.

Environmental sensing units can continuously measure temperature, humidity, harmful gases, air quality,
and other housing parameters. Wearable sensors can simultaneously capture animal-specific variables
such as body temperature, activity, movement, feeding patterns, and rumination [13]. Communication
technologies transfer these measurements to edge or cloud platforms for storage and analysis.

The major advantage of [oT-based monitoring is the availability of high-frequency, multidimensional data.
However, raw sensor measurements alone provide limited decision-making value unless they are
transformed into meaningful information. Sensor errors, missing observations, communication failures,
noise, heterogeneous sampling rates, and large data volumes also create preprocessing challenges.
Intelligent analytical techniques are therefore necessary to convert continuously collected livestock data
into predictions, risk indicators, and actionable recommendations.

2.4 Machine Learning for Environmental Stress Prediction

Machine learning provides a data-driven mechanism for identifying complex relationships between
environmental variables and livestock stress responses. Traditional statistical approaches generally
depend on predefined thresholds or linear relationships [14]. In contrast, ML models can learn nonlinear
interactions among temperature, humidity, air quality, animal characteristics, behavioral responses, and
historical stress conditions.

Algorithms such as logistic regression, decision trees, random forests, support vector machines, gradient
boosting, and artificial neural networks have been investigated for classification and prediction tasks in
livestock management. Environmental measurements can be combined with animal-specific features to
classify conditions into categories such as normal, moderate stress, and high stress. Regression models may
alternatively estimate continuous stress indicators or physiological responses.

Feature engineering plays an important role in such models. Derived variables such as THI, moving
averages, environmental exposure duration, daily temperature variations, activity changes, and deviations
from individual baseline behavior may provide stronger predictive information than isolated sensor
readings. Ensemble learning methods are particularly useful when relationships among environmental and
physiological parameters are nonlinear [15].

Despite their potential, many environmental monitoring studies remain dependent on predetermined
threshold values. Threshold-based systems are simple and interpretable but may not adequately capture
variations between animals, breeds, geographical regions, housing systems, or seasons. Adaptive ML-based
prediction offers an opportunity to address these limitations by learning risk patterns directly from
historical observations.

2.5 Al-Based Disease Risk Prediction

Artificial intelligence has increasingly been applied to livestock disease detection and health-risk
prediction. ML models can combine historical health records, physiological measurements, behavioral
indicators, production information, and environmental variables to recognize patterns associated with
emerging health abnormalities [16]. Classification models can estimate whether an animal belongs to
healthy or at-risk categories, while probabilistic approaches can generate disease-risk scores.

Tree-based ensemble models such as random forests and gradient boosting are useful for livestock health
applications because they can process heterogeneous features and identify nonlinear interactions [17].
Support vector machines can perform effectively in high-dimensional classification problems, while deep
neural networks can learn complex representations from large datasets. Recurrent architectures and other
temporal learning methods can further analyze sequential sensor data, allowing changes in health
indicators to be evaluated over time.
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Nevertheless, disease-prediction models often emphasize physiological or behavioral data without
adequately representing environmental exposure. Similarly, environmental stress systems may identify
unfavorable climatic conditions without estimating their potential implications for animal health. An
integrated model linking environmental stress with disease susceptibility could therefore provide more
comprehensive risk assessment.

2.6 Research Gaps and Need for an Integrated Predictive Framework

The literature demonstrates considerable progress in environmental sensing, loT-based livestock
monitoring, machine learning, and automated health assessment. However, several limitations remain.
Many existing approaches focus either on environmental monitoring or disease detection rather than
establishing an integrated relationship between environmental stress and disease risk. Furthermore,
threshold-based monitoring may not capture complex interactions among environmental, behavioral,
physiological, and animal-specific variables.

Another limitation is that many monitoring systems primarily provide descriptive information about
current conditions rather than predictive information about emerging risks. Although continuous sensor
monitoring improves situational awareness, sustainable livestock management requires sufficient lead
time for preventive intervention. Prediction of future or emerging stress conditions can allow farmers to
modify ventilation, cooling, feeding, water availability, housing conditions, or veterinary monitoring before
significant deterioration occurs.

There is therefore a need for an integrated intelligent framework that combines environmental conditions,
animal characteristics, behavioral indicators, physiological measurements, and health information within
a unified predictive pipeline. Such a framework should perform data preprocessing and feature
engineering, estimate environmental stress, evaluate associated disease risk, and convert predictions into
interpretable risk levels and management recommendations. Addressing these gaps forms the basis of the
proposed intelligent prediction framework for sustainable livestock systems.

3. Proposed Intelligent Prediction Framework

The proposed framework is designed to provide an integrated mechanism for predicting environmental
stress and disease risk in livestock systems. It combines environmental conditions with animal-specific,
behavioral, and physiological information and transforms these heterogeneous observations into
actionable risk estimates using machine learning. Unlike conventional monitoring approaches that
primarily identify abnormal conditions after predefined thresholds are exceeded, the proposed framework
emphasizes early prediction and preventive decision support.

3.1 Overall Framework Architecture

The proposed framework follows a data-driven architecture in which livestock and environmental
information is collected continuously and processed through interconnected analytical stages.
Environmental sensors provide information about the surrounding livestock environment, while wearable
devices and farm records provide animal-level behavioral, physiological, and health information. These
heterogeneous observations are integrated into a common dataset after preprocessing and
synchronization.

The overall processing sequence can be represented as:
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Figure 1. Overall framework for proposed model

The environmental stress prediction stage estimates whether existing conditions are likely to produce
physiological stress. The disease-risk prediction stage subsequently considers environmental exposure
together with animal-specific indicators to estimate potential health risks. Combining these outputs
enables the framework to distinguish between normal environmental variations and conditions requiring
management intervention.
3.2 Livestock and Environmental Data Acquisition
Data acquisition represents the first stage of the proposed framework. Multiple sources are considered to
provide a comprehensive representation of the relationship between the livestock environment and animal
health. Environmental parameters may include temperature, relative humidity, air quality, ammonia
concentration, carbon dioxide concentration, ventilation conditions, and other microclimatic variables
available within the livestock facility.
Animal-level information can include body temperature, heart rate, respiration rate, activity level, feeding
behavior, water consumption, rumination, and movement patterns. Historical health records, disease
occurrence, age, breed, weight, and production-related information can also be incorporated when
available. The combination of these variables allows the prediction model to evaluate both external
environmental exposure and internal animal responses.
The collected data can be represented for an animal at time (t) as:

X; = E;, B, P, H;
where (E,) represents environmental variables, (B,) represents behavioral indicators, (P.) denotes
physiological measurements, and (H;) represents historical health and animal-specific information. This
multidimensional representation provides the input for subsequent preprocessing and predictive analysis.
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3.3 Data Preprocessing and Feature Engineering
Sensor-based livestock datasets may contain missing observations, noisy measurements, duplicated
records, inconsistent sampling intervals, and variables measured at different numerical scales. Appropriate
preprocessing is therefore necessary before model development. Missing values are handled using suitable
interpolation or statistical imputation techniques depending on the nature of the variable. Outliers
generated by sensor malfunction are identified and treated to reduce their influence on prediction.
Continuous variables are normalized or standardized when required by the selected machine learning
algorithms. Timestamped environmental and animal measurements are synchronized so that physiological
and behavioral responses can be associated with corresponding environmental exposure.
Feature engineering is subsequently applied to extract informative patterns from the processed data. In
addition to directly measured parameters, derived environmental indicators can be generated. A
commonly used measure of thermal stress is the Temperature-Humidity Index (THI), which combines
temperature and relative humidity into a single indicator. A generalized form can be expressed as:
THI = (1.8T 4+ 32) — (0.55 — 0.0055RH)(1.8T — 26)
where (T) represents ambient temperature in degrees Celsius and (RH) represents relative humidity in
percentage.
Temporal features such as hourly averages, daily maxima and minima, moving averages, exposure
duration, and rate of environmental change can also be generated. Similarly, deviations from normal
feeding, activity, body temperature, or rumination patterns can provide early evidence of animal stress.
The resulting feature vector therefore contains both raw observations and derived indicators capable of
improving predictive performance.
3.4 Environmental Stress Prediction Model
The environmental stress prediction module determines the likelihood that an animal is experiencing or
approaching an unfavorable stress condition. Instead of relying exclusively on a fixed environmental
threshold, the proposed approach considers multiple environmental and animal-response variables
simultaneously.
Let the processed feature vector for environmental stress assessment be represented by (Xs). The stress
prediction model can be expressed as:
S =£(Xs)
where (f_s) represents the trained machine learning model and (S) represents the predicted environmental
stress level. Depending on the application, (S) may be represented as a probability or categorized into
classes such as Normal, M8oderate Stress, and High Stress. Multiple machine learning algorithms can be
evaluated, including Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, Gradient
Boosting, and Artificial Neural Network models. Comparing different algorithms allows identification of the
model that provides the most reliable prediction for the available livestock dataset.
The predicted stress probability can be represented as:
P(S = 1|X;)
where (S=1) represents the presence of a significant environmental stress condition. Probability-based
outputs are particularly useful because they allow risk thresholds to be adjusted according to livestock
species, farm conditions, and management requirements.
3.5 Disease Risk Prediction Model
Environmental stress does not necessarily indicate the presence of disease; however, prolonged or severe
stress may increase vulnerability to health problems. The second prediction module therefore evaluates
disease risk by combining environmental stress information with behavioral, physiological, and historical
health indicators.
The disease-risk model can be represented as:
D=f d(E,B,P,H,S)
where (D) represents predicted disease risk, (E) represents environmental information, (B) denotes
behavioral features, (P) represents physiological indicators, (H) denotes historical health information, and
(S) represents the estimated environmental stress level.
The resulting model can classify livestock into risk categories such as Low Risk, Moderate Risk, and High
Risk. Alternatively, the model can generate a probability:
P(D = 1|E,B,P,H,S)
where (D=1) represents the occurrence or elevated likelihood of a target health condition.
Including the predicted stress level as an additional input enables the framework to explicitly establish the
relationship between environmental exposure and potential health deterioration. For example, persistent
high thermal stress accompanied by reduced activity, abnormal body temperature, and reduced feed intake
may produce a substantially higher disease-risk estimate than an isolated increase in environmental
temperature.
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3.6 Sustainability-Oriented Decision Support

The final stage transforms predictive outputs into practical livestock-management information.
Environmental stress probability and disease-risk probability are jointly evaluated to determine the
urgency and type of intervention required. Rather than presenting farmers with large volumes of raw
sensor measurements, the framework generates interpretable risk levels, alerts, and recommended
actions. Under normal conditions, routine monitoring can continue without intervention. Moderate
environmental stress may trigger recommendations such as improving ventilation, increasing water
availability, modifying feeding schedules, or activating cooling mechanisms. Persistent high stress
combined with abnormal animal indicators may generate a high-risk alert and recommend closer animal
observation or veterinary assessment. The framework therefore supports a transition from reactive
livestock management to predictive and preventive management. Early identification of environmental
stress can reduce production losses and unnecessary resource consumption, while early disease-risk
estimation can support timely intervention and potentially reduce disease severity. The integration of
environmental management, animal welfare, health-risk prediction, and intelligent decision support
consequently provides a foundation for more efficient and sustainable livestock production systems.

4. Results and Discussion

4.1 Environmental Stress Prediction Results

The performance of different machine learning models was evaluated for predicting environmental stress
conditions using integrated environmental and animal-response features. The comparative results are
presented in Table 1.

Table 1. Performance comparison for environmental stress prediction

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC
Logistic Regression 85.42 84.16 82.73 83.44 0.87
Decision Tree 87.18 86.35 85.21 85.78 0.88
Random Forest 93.64 92.87 93.15 93.01 0.95
Support Vector Machine | 89.76 89.14 88.52 88.83 0.91
Gradient Boosting 95.21 94.68 94.91 94.79 0.97
Artificial Neural Network | 92.83 92.15 91.76 91.95 0.94

Table 2 shows that all evaluated models provide reasonable performance for environmental stress
prediction, with accuracy ranging from 85.42% to 95.21%. Logistic Regression records the lowest accuracy
of 85.42%, suggesting that a linear decision boundary is comparatively less effective for representing the
complex relationships among temperature, humidity, air quality, THI, exposure duration, and animal-
response indicators. Decision Tree and SVM improve the prediction accuracy to 87.18% and 89.76%,
respectively. The ensemble models demonstrate stronger predictive capability. Random Forest achieves
93.64% accuracy with an Fl-score of 93.01%, indicating effective identification of both normal and
stressful environmental conditions. Gradient Boosting provides the best overall performance, achieving
95.21% accuracy, 94.68% precision, 94.91% recall, 94.79% F1-score, and an AUC-ROC of 0.97. The high
recall indicates that the model successfully identifies most stress-related observations, which is important
for preventing potentially harmful environmental exposure.

4.2 Disease Risk Prediction Results

Disease-risk prediction was evaluated by combining environmental conditions, predicted environmental
stress, behavioral indicators, physiological measurements, and available animal health information. Table
2 presents the comparative performance of the evaluated machine learning models.

Table 2. Performance comparison for livestock disease-risk prediction

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC
Logistic Regression 83.75 82.61 81.84 82.22 0.85
Decision Tree 86.34 85.72 84.93 85.32 0.87
Random Forest 92.48 91.76 92.13 91.94 0.94
Support Vector Machine | 88.91 88.24 87.65 87.94 0.90
Gradient Boosting 94.36 93.72 94.08 93.90 0.96
Artificial Neural Network | 91.67 90.94 91.38 91.16 0.93

As observed in Table 3, the models achieve disease-risk prediction accuracies between 83.75% and
94.36%. Logistic Regression achieves an accuracy of 83.75%, while Decision Tree and SVM improve the
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accuracy to 86.34% and 88.91%, respectively. The comparatively moderate performance of these models
indicates the complexity of relationships among environmental exposure, behavioral abnormalities,
physiological variations, and disease risk. Random Forest demonstrates substantially improved
performance, achieving 92.48% accuracy and an F1-score of 91.94%. The ANN also provides competitive
performance with 91.67% accuracy. However, Gradient Boosting produces the strongest overall results,
with 94.36% accuracy, 93.72% precision, 94.08% recall, 93.90% F1-score, and an AUC-ROC of 0.96. [ts high
recall is particularly important because failure to identify an animal with elevated disease risk may delay
preventive or veterinary intervention.

5. Conclusion and Future Research

This study presented an intelligent machine learning framework for predicting environmental stress and
disease risk in sustainable livestock systems. The framework integrates environmental, behavioral,
physiological, and health-related information to support early identification of unfavorable conditions.
Among the evaluated models, Gradient Boosting achieved the best performance, with 95.21% accuracy for
environmental stress prediction and 94.36% accuracy for disease-risk prediction, demonstrating the
effectiveness of nonlinear ensemble learning for livestock risk assessment. The proposed framework
supports preventive livestock management by translating sensor and animal data into interpretable stress
and disease-risk levels. Such predictions can assist farmers in making timely decisions regarding
ventilation, cooling, feeding, water management, animal observation, and veterinary intervention, thereby
improving animal welfare and resource efficiency.

Future research can validate the framework using larger multi-farm and multi-species datasets under
different climatic conditions. Temporal deep learning, explainable Al, loT-based real-time monitoring, and
edge computing can also be incorporated to improve prediction, interpretation, and automated decision
support. Overall, intelligent risk prediction provides a promising foundation for more resilient, welfare-
oriented, and sustainable livestock production.
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