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ABSTRACT: This studies how climate change influences the spread of infectious diseases across different places.
Changes in temperature, rainfall, humidity, and extreme weather conditions directly affect the transmission of diseases
caused by insects, contaminated water, air, and animals. Instead of analyzing a single disease, this project focuses on
predicting multiple diseases together, which helps in understanding the complex relationship between climate and
public health. Modern techniques such as machine learning and statistical analysis are used to identify disease patterns,
detect high-risk locations, and support early warning systems. Rising temperatures allow disease-carrying insects to
spread into new regions, heavy rainfall increases the risk of water-borne diseases, and changing climate conditions
influence the spread of respiratory illnesses. Although prediction models show strong potential, challenges remain due
to limited data availability, regional climate differences, and the interaction between multiple disease types. To address
these challenges, this project proposes a multi-disease prediction system that combines climate data, environmental
factors, and disease records. For implementation, models such as Linear Regression, Random Forest, and Gradient
Boosting are used to analyze trends and predict disease risk based on climatic changes. By integrating these models
with public health data, the system can help authorities prepare better responses and reduce the impact of climate-
related disease outbreaks.
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. INTRODUCTION

Climate change has emerged as one of the most significant global challenges of the 21st century, affecting not only the
environment but also human health and disease dynamics. Variations in climatic factors such as temperature, rainfall,
humidity, and extreme weather events have a direct and indirect influence on the spread and intensity of infectious
diseases. These climatic variations alter ecosystems, affect the survival and reproduction of disease vectors, and
influence human behaviour, thereby increasing the risk of disease outbreaks across different geographical regions.

In recent years, there has been a noticeable rise in climate-sensitive diseases, including vector-borne diseases (such as
dengue and malaria), water-borne diseases (such as cholera and typhoid), and respiratory diseases. Rising temperatures
enable mosquitoes and other vectors to expand into previously unaffected regions, while irregular rainfall and flooding
create favourable conditions for water-borne disease transmission. Similarly, changes in air quality and humidity levels
contribute to the spread of respiratory infections. These trends highlight the urgent need for effective disease prediction
and early warning systems that can anticipate outbreaks and support timely public health interventions.

Traditional disease surveillance systems primarily rely on historical health records and reactive reporting mechanisms.
While useful, these systems often fail to provide early warnings, especially in rapidly changing climatic conditions.
Moreover, many existing studies focus on predicting a single disease or a specific region, limiting their applicability in
real-world scenarios where multiple diseases coexist and climate patterns vary significantly across locations. This
creates a research gap in developing generalized, multi-disease prediction frameworks that can adapt to diverse climatic
and geographical conditions. Advancements in machine learning and data analytics have opened new opportunities for
climate-based disease prediction. Machine learning models such as Linear Regression, Random Forest, and Gradient
Boosting are capable of identifying complex, non-linear relationships between climatic variables and disease incidence.
By integrating climate data, environmental factors, and historical disease records, these models can learn patterns that
are difficult to capture using conventional statistical approaches. Such predictive models can assist health authorities in
identifying high-risk locations, forecasting disease trends, and allocating medical resources more efficiently. This
research focuses on disease prediction based on climatic changes at different locations using machine learning
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techniques. Instead of limiting the analysis to a single disease, the proposed approach considers multiple diseases
influenced by climatic factors, providing a more comprehensive understanding of climate—health interactions. The
system aims to analyze how variations in temperature, rainfall, and humidity impact disease occurrence across regions
and to generate predictive insights that support early warning and preventive healthcare planning.

By developing a climate-driven disease prediction framework, this study contributes to public health surveillance and
decision-making. The proposed model has the potential to enhance preparedness against climate-related disease
outbreaks, reduce response time during epidemics, and support policymakers in designing climate-adaptive health
strategies. Ultimately, this work emphasizes the importance of integrating climate science and machine learning to
address emerging public health challenges in a changing global climate.

Il. METHODOLOGY

1.Data Collection(climate + Disease data)

Historical climate data (temperature, humidity, rainfall, AQI) and disease records (malaria, dengue, respiratory, heat stroke, water-
borne diseases) are collected for multiple locations. The datasets are aligned location-wise and time-wise to establish the relationship
between climatic conditions and disease occurrence.

2. Data Preprocessing
The collected data is cleaned by handling missing values, removing duplicates, and treating outliers. Normalization is applied to
scale features uniformly, and the dataset is split into training and testing sets for model evaluation.

3. Feature Selection

Feature selection identifies the most important climatic parameters influencing disease outbreaks. Correlation analysis and feature
importance techniques are used to determine relevant features. For example, high rainfall and humidity may relate to dengue, while
high AQI may indicate respiratory diseases. Selecting key features reduces complexity, improves efficiency, and enhances model
accuracy.

4. Model Training

In this stage, multiple machine learning models are trained to learn the relationship between climatic parameters and disease
occurrence. Linear Regression is used to analyze continuous disease risk trends. Logistic Regression predicts disease probability for
classification tasks. Random Forest, an ensemble model, builds multiple decision trees and uses majority voting to improve accuracy
and reduce overfitting. Gradient Boosting enhances performance by sequentially correcting previous model errors, and the best-
performing model is selected based on evaluation metrics.

5. Model Evaluation

After training, the models are evaluated using performance metrics to determine their effectiveness. For regression-based
predictions, metrics such as Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) are used to measure prediction
error. For classification tasks, Accuracy and Area Under the Curve (AUC) are calculated to assess how well the model distinguishes
between different disease classes. By comparing these evaluation metrics, the best-performing model is selected for deployment.

6. Disease Risk Prediction

Once the optimal model is selected, it is used to predict disease risk for new climatic input data. When a user uploads or inputs
climate parameters for a specific location, the trained model processes the data and outputs the predicted disease or the probability of
disease occurrence. This step transforms raw environmental data into meaningful health insights, enabling early detection of
potential outbreaks.

7. Early Warning System

The final step involves generating an early warning alert and precautionary recommendations based on the predicted disease risk. If
the predicted probability exceeds a predefined threshold, the system triggers a warning and provides location-based preventive
measures such as sanitation advice, mosquito control strategies, hydration recommendations, or pollution protection guidelines. This
ensures that the system not only predicts diseases but also acts as a proactive decision-support and public health awareness tool.
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Figl: Workflow of Disease Prediction
Il. RESULT

The proposed disease prediction system effectively analyzes climatic parameters such as temperature, humidity,
rainfall, and air quality index to predict the occurrence of climate-sensitive diseases across different geographical
locations. By integrating machine learning techniques with environmental data analysis, the system can identify
patterns between climatic changes and disease outbreaks. The experimental results demonstrate that ensemble-based
algorithms significantly improve prediction accuracy compared to traditional statistical methods.

Multiple machine learning models including Linear Regression, Logistic Regression, Random Forest, and Gradient
Boosting were implemented and evaluated using climatic and disease datasets. Among these models, Random Forest
achieved the highest prediction accuracy of 92% due to its ability to handle nonlinear relationships, reduce
overfitting, and combine multiple decision trees for robust prediction. Gradient Boosting also showed strong
performance with an accuracy of 90%, while Logistic Regression achieved 84%, and Linear Regression achieved
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78%. The results indicate that ensemble learning techniques are highly effective in capturing complex interactions
between environmental variables and disease occurrence.

Furthermore, the proposed system supports location-based disease risk prediction and provides precautionary
recommendations, making it useful for early warning and public health awareness. Experimental evaluations confirm

that the system improves prediction reliability and can assist healthcare authorities and individuals in identifying
potential disease outbreaks influenced by climatic variations.

Table 1: Accuracy Table
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Fig 2: Prediction Parameters Page
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IV. CONCLUSION

This research presents an intelligent disease prediction framework that utilizes climatic parameters such as temperature,
humidity, rainfall, and air quality index to forecast climate-sensitive diseases across different geographical locations.
The proposed system integrates data preprocessing, feature selection, and multiple machine learning algorithms
including Linear Regression, Logistic Regression, Random Forest, and Gradient Boosting to analyze the relationship
between environmental conditions and disease outbreaks.

Experimental evaluation demonstrates that ensemble-based learning techniques significantly improve prediction
performance. Among the evaluated models, Random Forest achieved the highest accuracy due to its ability to handle
nonlinear relationships, reduce overfitting, and effectively utilize multiple decision trees for robust prediction. Gradient
Boosting also produced competitive results by iteratively correcting prediction errors and capturing complex data
patterns.

The proposed system not only predicts potential disease risks but also provides precautionary recommendations,
making it a practical decision-support tool for public health monitoring. By integrating climatic data with machine
learning models, the system can assist healthcare authorities and individuals in identifying possible disease outbreaks in
advance. Future work will focus on integrating real-time climate APIs, expanding datasets with additional
environmental and demographic parameters, and exploring advanced deep learning techniques to further enhance
prediction accuracy and scalability for large-scale public health applications.
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