ISSN: 2394-1979
Volume 13, Issue 2, 2026

Research & Reviews:

Discrete Mathematical Structures

G

STM JOURNALS

May—August
DOI Journal: 10.37591/RRDMS

https://journals.stmjournals.com/rrdms

A Hybrid Mathematical Model for Epidemic Outbreak
Forecasting Using Machine Learning and Cloud
Computing

Natendra Janardhanrao Padole™*, Nitin S. Shrirao®

Abstract

The increasing frequency of infectious disease outbreaks has emphasized the necessity for intelligent
epidemic surveillance systems capable of predicting disease spread at an early stage. Conventional
outbreak detection approaches rely heavily on delayed statistical reporting and manual monitoring
techniques, resulting in reduced responsiveness during critical periods. This paper presents a
mathematical predictive framework for epidemic outbreak detection using machine learning and cloud
computing technologies. The proposed framework integrates the Susceptible—Infected—Recovered (SIR)
mathematical epidemic model with a Random Forest machine learning classifier to improve outbreak
prediction accuracy. Cloud computing infrastructure was utilized to deliver scalable storage,
distributed computing, and real-time analytical capabilities. Experimental evaluation was conducted
using epidemiological datasets that included infection rates, recovery statistics, mobility patterns, and
demographic data. The proposed hybrid model attained an accuracy of 95.4%, surpassing conventional
machine learning approaches such as Support Vector Machines and Artificial Neural Networks. In
addition, cloud-based deployment considerably minimized processing latency while improving overall
system scalability. The proposed framework provides an effective, scalable, and intelligent approach
for public health surveillance and epidemic preparedness.

Keywords: Epidemic prediction, machine learning, cloud computing, healthcare analytics, random
forest, SIR model, outbreak detection

INTRODUCTION

Infectious diseases remain a major threat to global health and economic stability. Outbreaks such as
COVID-19, Ebola, SARS, and influenza have demonstrated the importance of early detection systems
capable of rapidly identifying epidemic patterns before widespread transmission occurs [1]. Traditional
healthcare surveillance systems are often limited by delayed reporting, centralized analysis, and
insufficient predictive capabilities.
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process vast amounts of epidemiological data in
real time [2]. Machine learning techniques can
identify complex patterns within healthcare
datasets, while cloud computing provides scalable
computational resources for distributed data
processing and analytics [3].

Mathematical epidemiological models such as
the Susceptible—Infected—Recovered (SIR) model
have been widely used for analyzing disease
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transmission dynamics [1]. However, classical epidemic models alone may not sufficiently capture
nonlinear behavioral patterns present in real-world healthcare data. Integrating mathematical models
with machine learning algorithms can significantly improve predictive performance and decision-
making capability [4].

This paper proposes a mathematical predictive framework that combines epidemiological modeling,
machine learning algorithms, and cloud computing infrastructure for epidemic outbreak detection. The
proposed framework utilizes the SIR mathematical model and Random Forest classification to predict
outbreak probability with enhanced accuracy and reduced processing time.

The major contributions of this research include:

1. Development of a hybrid epidemic prediction framework integrating SIR and Random Forest
models.

2. Cloud-based architecture for scalable healthcare analytics.

3. Real-time outbreak prediction using epidemiological datasets.

4. Performance evaluation and comparison with existing machine learning approaches.

RELATED WORK

Mathematical epidemic prediction has been extensively studied in healthcare research. The SIR
model introduced by Kermack and McKendrick remains one of the most widely used epidemiological
models for representing disease transmission [1].

Machine learning approaches have significantly improved epidemic forecasting capabilities.
Algorithms like Support Vector Machines (SVM), Artificial Neural Networks (ANN), Decision Trees,
and Random Forests have been widely used in healthcare prediction systems with notable success [5].
Among these, Random Forest algorithms are especially advantageous because of their ensemble
learning approach and strong resistance to overfitting [6].

Cloud computing has become a significant technology in healthcare analytics due to its scalability,
flexibility, and distributed computing features [7]. Cloud platforms such as Amazon Web Services
(AWS), Microsoft Azure, and Google Cloud provide infrastructure for processing large-scale healthcare
datasets in real time.

Several studies have attempted to combine machine learning with epidemiological models for disease
prediction. However, many existing frameworks suffer from computational complexity, delayed
response time, and limited scalability [8]. The proposed framework addresses these challenges through
a cloud-enabled hybrid prediction architecture.

PROPOSED FRAMEWORK
System Architecture
The proposed epidemic prediction framework consists of four primary layers:
1. Data Acquisition Layer
2. Data Processing Layer
3. Prediction and Analytics Layer
4. Cloud Deployment Layer

Data Acquisition Layer
This layer collects healthcare information from multiple sources including hospital databases, loT
healthcare devices, public health records, mobility tracking systems, and social media health trends.

Data Processing Layer

The preprocessing phase includes missing value handling, normalization, feature extraction, noise
reduction, and data transformation. The processed data is stored in cloud databases for scalable
access [7].
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Prediction and Analytics Layer

This layer integrates mathematical epidemic modeling and machine learning prediction mechanisms.
The major components include:
SIR mathematical model

¢ Random Forest classifier

e Time-series analysis

o Risk assessment engine
Cloud Deployment Layer

Cloud infrastructure supports distributed storage, parallel processing, elastic resource allocation, and
real-time analytics.

Mathematical Epidemic Model

The framework utilizes the classical SIR epidemic model [1]. The population is divided into three
categories:

e S(1): Susceptible individuals

o ](?). Infected individuals

e R(?): Recovered individuals

The governing equations are:

ds

E = —,BSI

Where:

B represents transmission rate, y represents recovery rate

The basic reproduction number is: R0 = S /y
If RO > 1, the disease spreads rapidly; otherwise, the outbreak gradually declines.

Machine Learning Prediction Model
The Random Forest algorithm was selected due to its high prediction accuracy and robustness [6].
The prediction function is represented as:

RF(x) = 1/NY.Ti(x)

where:
Ti(x) is the prediction generated by the i decision tree
N is the number of trees

The machine learning model uses features including daily infection count, recovery rate, population
density, vaccination rate, temperature, mobility index, and healthcare capacity.

METHODOLOGY
Dataset Description

The experimental dataset was collected from publicly available epidemiological repositories and
healthcare datasets (Table 1) [9].

Data Preprocessing
The preprocessing phase involved:
1. Removing duplicate records
2. Handling missing values using mean imputation
3. Feature normalization using Min-Max scaling:

X' = X — Xmin/(Xmax —Xmin)

4. Encoding categorical variables
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Table 1. Dataset attributes.

Attribute

Description

Date

Daily timestamp

Confirmed Cases

Number of infections

Recoveries

Recovered patients

Deaths

Mortality count

Vaccination Rate

Immunization percentage

Population Density

Regional population data

Mobility Index

Human movement trends

Table 2. Experimental Setup and System Configuration

Parameter Specification
Processor Intel Core i7

RAM 16 GB

Programming Language Python

ML Library Scikit-learn

Cloud Platform AWS

Dataset Size 100,000 records

Training Process
The dataset was divided into:
o 70% training data
®  30% testing data

The Random Forest classifier was trained using supervised learning techniques [6].

RESULTS AND ANALYSIS
Experimental Setup

The experiments were conducted using:

Evaluation Metrics

The performance of the proposed model was assessed using standard evaluation metrics, including

accuracy, precision, recall, and F1-score, to measure its classification effectiveness.

The following performance metrics were used [10]:

Accuracy

Measures the overall proportion of correctly classified instances among all predictions.

TP + TN

Accuracy =

Precision

Measures the proportion of positive predictions that are actually correct.

TP + TN + FP + FN
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TP

p . —
recision —TP TFP

Recall

Measures the proportion of actual positive instances that are correctly identified.

TP

Recall = m

F1-Score

Provides the harmonic mean of precision and recall, balancing both metrics into a single measure.

2 * Precision * Recall
F1 =

Precision * Recall

Table 3. Performance Comparison of Classification Models Using Evaluation Metrics

Model Accuracy Precision Recall F1-Score
SVM 88.2% 87.1% 86.4% 86.7%
ANN 91.5% 90.8% 90.2% 90.5%
Proposed RF + SIR 95.4% 94.8% 95.1% 94.9%

Prediction Performance
The proposed hybrid framework achieved the highest prediction accuracy among all evaluated
methods.

FUTURE WORK

Future enhancements to the proposed epidemic outbreak detection framework can focus on
incorporating advanced deep learning techniques for improved forecasting accuracy and adaptive
learning capabilities. Deep learning models such as Long Short-Term Memory (LSTM), Recurrent
Neural Networks (RNN), and Transformer-based architectures can effectively analyze complex
temporal patterns in epidemiological data and provide more accurate long-term outbreak predictions.
These models are capable of processing large-scale healthcare datasets containing mobility trends,
climate information, vaccination records, and patient health histories, thereby improving the reliability
of epidemic forecasting systems. Additionally, integrating real-time analytics with predictive
visualization dashboards can support healthcare authorities in monitoring outbreak trends and making
faster decisions during public health emergencies.

Another promising direction involves the integration of federated learning and edge-cloud hybrid
architectures to enhance data privacy and distributed healthcare analytics. Federated learning enables
machine learning models to be trained across multiple healthcare institutions without directly sharing
sensitive patient data, thereby preserving privacy and complying with healthcare data protection
regulations. Furthermore, edge-cloud computing architectures can reduce computational latency by
processing healthcare sensor data closer to the data source while utilizing

CONCLUSION
This paper presented a mathematical predictive framework for epidemic outbreak detection using
machine learning and cloud computing technologies. The proposed framework integrated the SIR
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epidemic model with a Random Forest classifier to improve outbreak prediction accuracy and
computational efficiency. Cloud computing infrastructure enabled scalable data processing and real-
time analytics.

Experimental evaluation demonstrated that the proposed framework outperformed traditional
machine learning methods in terms of accuracy, recall, and processing speed. The proposed system can
support healthcare organizations and government agencies in developing intelligent epidemic
surveillance systems capable of early outbreak detection and effective response planning.
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