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Abstract. Epidemic outbreaks present great challenges to public health 

systems, often leading to very significant social and economic issues. Thus, 

timely predictions help relevant authorities to take proactive measures to 

minimize the impact of such epidemics. This study proposes an interactive 

epidemic outbreak forecasting system that will integrate modern machine 

learning models and a user-friendly mobile app to enhance public health 

preparedness. Historical, clinical and geographic data, covering the years 2020 

to 2022, have been collected from credible sources such as data.gov.in and 

Kaggle. The dataset was subdivided into training data for 2020-2021 and testing 

data for 2022, which allows the compilation of a comprehensive report card of 

the models. The paper uses three models: Gated Recurrent Units (GRU), Long 

Short-Term Memory Networks (LSTM), and Recurrent Neural Networks 

(RNN) to forecast disease outbreaks. Most competitive research indicates the 

GRU model gives the most reasonable and efficient trade-off in computational 

efficiency and predictive power with a Mean Absolute Percentage Error 

(MAPE) of 32.46%. The mobile application allows users to take preventive 

action based on interactive visualizations, awareness content about their health, 

and timely notices on outbreaks. This study shows how technology focused on 

the user can be blended and adapted nicely with predictive analytics to build 

preparedness against epidemics and reduce the burden of communicable 

diseases. 
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1 Introduction 

In a world that is becoming more and more connected, the problem arising from an 

outbreak of epidemics presents serious multidimensional extra-impacts toward public 

health, husbandry, and the stability of society. Globalization will not only have decent 

GDP growth levels, arts and culture exchange, and greater travel but will also enable 
interconnectedness, however, also helps in speeding up the spread of contagious 
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diseases, thus increasing the likelihood that local outbreaks may stem from global 

public health issues. The COVID-19 pandemic was a clear reminder of how fast an 

illness can travel across borderlines, creating huge upheaval in different sectors. Now 

that travel, trade, and urbanization are more international than ever, outbreaks are 

usually a priority for governments, international health organizations, and the world at 

large. It's worth it to highlight that when outbreaks are not properly planned for, their 

development may not differ much from other diseases in most respects. The 

consequences of outbreaks extend well beyond the immediate health crisis, often 

plunging economies into deep recessions, tearing apart social fabrics, and exposing 

healthcare systems inadequate to cope with sudden spikes in demand. If an outbreak 

causes a sudden surge of positive cases, this could mean many deaths due to a shortage 

of medical supplies, reduction of the workforce, and collapsing healthcare systems. 

Disruptions from epidemics can also produce long-lasting impacts on businesses, 

industries, and livelihoods. Also, the various consequences of epidemics, including 

anxiety, fear, and insecurity, might increase the negative effects on populations that 

were already vulnerable because of economic or healthcare inequalities. Epidemic 

outbreak forecasting, then, has become an important tool in minimizing the damages of 

infectious diseases, especially with the profound threats posed. Utilizing the current 

technologies such as machine learning, artificial intelligence, and big data analytics, 

possibilities for outbreaks of diseases such as COVID-19, influenza, dengue, and other 

infectious diseases can be anticipated. These predictive models analyze vast datasets, 

including historical disease trends, environmental factors such as climate and 

geography, and human behaviour patterns such as travel and social relations. This 

multi-dimensional analysis put out public health officials to describe early warnings of 

an outbreak before it gains traction. The capability of early outbreak prediction allows 

public health authorities to take distinct interventions such as quarantine, vaccination 

campaigns, and resource allocation to specific areas or populations at greatest risk. 

Early detection also means that the governments can rally support for their healthcare 

systems, deploy medical supplies, and put their workforce to work in the critical areas, 

thereby reducing the load on their healthcare gods and possibly preventing increasing 

increment rumours from erupting into a full-blown epidemic. The other vision-step 

programs do not just save lives but also drastically reduce the economic and social 

dislocations connected with wide outbreaks. Equally important for further interventions 

is public awareness and education. Accessible information campaigns have a grave 

need to educate constituents on effectively stopping the spread of contagious diseases—

how to enhance hand hygiene, enforce social distancing, close out gatherings through 

the use of masks, and vaccinate. These campaigns also allow individuals to appreciate 

early symptoms to seek early medical care, thus reducing risks for further spread. Well-

informed communities scale responsible actions, taking the burden off the healthcare 

systems and reducing the spread. Public awareness activities are thus not only a brilliant 

duality strategy but also an important pillar to successful epidemic management. They 
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build well-informed and engaged communities, act toward unwarranted fear, disperse 

misinformation, and restore people's trust in health authorities and interventions.  

2  Problem Statement 

Various environmental, social, and technological factors have conspired to enhance the 

frequency of epidemic outbreaks. Climate change has come to play an important role 

in transforming ecosystems that create favourable environments for the breeding and 

survival of mosquitoes and other disease vectors, thus allowing the easy spread of 

infectious diseases from human to human across regions and countries. With the 

improvement of globalization in this modern day, international traveling has been used 

widely, thereby allowing for the propagation of infectious diseases in an exceedingly 

quick way. Urbanization in developing countries has ushered in slum living conditions, 

which speed up the transmission of diseases. 

The timely detection of epidemics is still a major problem hovering over the 

heads of health authorities. Most of the time, health authorities work on manual 

reporting systems, which means a long time in the collection of data before 

interventions can start. The data lacks integration from several data sources, which turns 

out to be another complication in identifying the outbreak's patterns. Due to financial 

constraints, low-income regions are faced with inadequate surveillance that supports 

the process of early alerts for their community members.  

When it comes to epidemic modeling, the statistical models used to forecast epidemics 

have never been able to capture the complex and endless relationships between the 

various factors affecting them. This results in a poor predictive power of such models 

in dynamic epidemic scenarios. Moreover, community involvement in the process of 

epidemic management is hampered due to the unavailability of timely and 

comprehensible health information. The most effective way to control an epidemic 

would be through a dual approach that includes both proper forecasting and massive 

public awareness campaigns.  

3 Literature Review 

The paper "A Machine Learning-Based Universal Outbreak Risk Prediction Tool" 

discusses a predictive system designed to deal with modern disease outbreaks across 

multiple countries and conditions. After analyzing outbreak data from 43 diseases in 

206 countries and using five machine learning models combined through ensemble 

voting, the tool achieves an accuracy of 80 - 90 percent. Such a tool offers standardized 

threat assessments, allowing coordinated responses from the governments and 

epidemiological authorities. However, the performance of the model is relatively less 

accurate for diseases other than those used in building the training data, which implies 
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the necessity for a broad spectrum. Overall, this tool will make a more significant 

contribution to the preparedness and response capability against outbreaks at the global 

level.  

                The paper ”A Reproducible Ensemble Machine Learning Approach to 

Forecast Dengue Outbreaks” (2024) foresees a forecasting model deploying an 

ensemble machine learning technique for predicting dengue outbreaks. Published in 

Scientific Reports, this study emphasizes the reproducibility of its approach that assures 

the model's reliable implementation within different settings. By combining multiple 

machine learning models The paper ”A Reproducible Ensemble Machine Learning 

Approach to Forecast Dengue Outbreaks” (2024) puts forward a forecasting model built 

on ensemble machine learning techniques to predict an outbreak of dengue. Published 

in Scientific Reports, this study laid great emphasis on the reproducibility of the 

approach, which means that the modelling can be implemented reliably in the various 

settings. The tool combines various machine learning models to increase forecast 

accuracy in providing ways to support public health by improving the response to 

outbreaks of dengue. 

The work by Adegoke, B. O.; Odugbose, T.; and Adeyemi, C., "Data 

Analytics for Predicting Disease Outbreaks: A Review of Models and Tools” (2024), 

provides an exhaustive review of models and analytic tools used in forecasting disease 

outbreaks. Published in the International Journal of Life Science Research Updates, the 

article discusses multiple predictive models, including machine learning algorithms: 

Random Forests, SVM, and Neural Networks, and others. The review describes various 

time series models, ARIMA, and seasonal decomposition of time series. This review 

describes what these models do, the aspects for and against them, and what places they 

have been applied; it analyzes how these tools have aided in the improved prediction 

of outbreaks and preparedness in public health due to the increased precision and 

timeliness in forecasting the spread of disease. Else, the tool enhances prediction 

accuracy, which could thus provide some useful information for improving proactive 

public health responses to dengue outbreaks. 

A paper with the title ”Forecasting the Abundance of Disease Vectors with 

Deep Learning” is apparently forthcoming; it is about the new cutting-edge deep 

learning models applied to predicting the populations of disease vectors and will, 

therefore, go to the deep neural store of holes in pernicious modeling. Accepted to 

appear on August 18, 2023, this work embraces cutting-edge models such as 

convolutional neural networks for recognizing spatial patterns, recurrent neural 

networks, and long short-term memory networks to catch the dynamics of time. Those 

process environmental and biological data in a much more accurate way, allowing 
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vector populations to be understood and thus providing a targeted alarm for prosecution 

by public health measures against vector-borne diseases.  

In essence, the four papers are a call for better prophetic models for epidemic outbreaks. 

The first paper builds advanced time-series models to develop their forecast about 

conditions such as COVID-19 and HIV. The second paper introduces an international 

machine learning tool for epidemic outbreak prediction across several countries, with 

80% to 90% forecast accuracy. The third deals with dengue, introducing the Tempe 

Rain Factor (TRF), a much better forecaster, with a Bayes Network model achieving 

accuracy of about 92.35%. The last paper is an illustration of the heat that speaks for 

itself: climate factors matter in the transmission of dengue; hence TRF is validated. 

Together, these studies provide great insight and tools for better management of 
contagious disease outbreaks worldwide.  

4 Proposed System 

The proposed system will develop an integrated forecasting model for outbreaks in 

India. This will be embedded in an advanced machine learning-based framework for 

early warnings and epidemic management, interfacing temporal patterns with historical 

data and disease-specific factors. 

4.1 Dataset Information  

In this project, the dataset consists of time series data from various diseases spanning 

from 2020 to 2022. The training data covers records from 2020 to 2021, while the test 

data is from 2022. The datasets contained: 

●  Historical data, which include case counts and outbreak patterns from 

preceding years. 

●  Geographical data, which contains information on the distribution of the 

incidence of diseases over regions. 

●   Clinical data that contains information on hospitalization and disease severity 

trends where applicable. 

4.2 System Workflow 



 

 

 

 

Imputation to maintain statistical consistency. 
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Fig. 1.System Architecture 

4.3  Key Components of the System 

Data Collection 

Reliable and authoritative sources for COVID-19, dengue, and malaria include the 

following:  

● government health departments 

● open-data repositories (e.g., data.gov.in) 

Data preprocessing: 

The former ensures that models can function with reliability and accuracy, while the 

latter enables data preprocessing. Below are the steps that were undertaken: 

● Handling Missing Values: Missing data points were imputed using KNN 

● Feature Scaling: Standardization of features across different scales through 

min-max normalization facilitated model convergence. 

● Feature Selection: Correlation analysis was used to determine the predictors 

that best correlate with epidemic outbreaks. 



 

● Data Splitting: Data was then split into training (80%) and testing (20%) 

datasets for a good model evaluation. 
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Model Selection 

Three machine-learning models were chosen to analyze the  nature of disease 

outbreaks, with each chosen based on different strengths in working with changing data. 

● Recurrent Neural Network (RNN): A baseline model that can learn real time 

dependencies but faces some limitations with long-term memory because of 

the vanishing gradient problem. Even with its shortcomings, it has become a 

basic model used for comparison. 

● Gated Recurrent Unit (GRU): An optimized variant of RNN with the help of 

gating mechanisms for keeping more relevant information and for avoiding 

the vanishing gradient issue. GRU is computationally efficient and well-suited 

for various  applications.  

● Long Short-Term Memory (LSTM): A sophisticated model that uses memory 

cells for long-term sequence learning. LSTM shows strong performance in 

capturing complex temporal patterns and usually needs more computational 

resources than GRU.  

It selected GRU model for deployment due to the high predictive accuracy it 

attained of MAPE of 32.46%. It was trained with backpropagation through time (BPTT) 

and Adam optimizer optimization. After the training, the model is saved and deployed 

as a Flask API, and real-time predictions are made through the integration with the 

mobile application. The API sends the incoming data, uses the trained GRU model to 

make predictions, and returns outbreak probabilities.  

Training and Testing: 

The training phase involves feeding the preprocessed data to the machine learning 

models so that they learn based on the historical patterns and features. The testing 

phase evaluates the models on the unseen data (such as 2022 for COVID-19) to assess 

robustness and generalization ability. It is an approach close to the  setting where 

models have to provide predictions under continuously new and changing data. 

· 
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5 Experimental Results 

Analysis results of the three machine learning models-Long Short-Term Memory 

(LSTM), Gated Recurrent Unit (GRU), and Recurrent Neural Network (RNN) were 

assessed through the RMSE and MAPE metrics. All models were trained on the 2020–

2021 dataset and tested on a new 2022 data set for evaluating their predictive 

performance and generalization power. Here are the results for each model 

accompanied by graphical representations of their performance and a comparative 

table.  

5.1 LSTM Model 

The LSTM model, being used in capturing the long-term dependency in time series 

data, was evaluated on the COVID-19 dataset. 

 

 
Fig.2.The graph shows the actual vs. predicted confirmed cases for the LSTM 

model. 

● RMSE: 215.862 

● MAPE: 63.89% 

Although the model can catch some trends, the very high MAPE value shows 

how far off it is from actual values, especially when it is in high peak outbreak time 

periods. 

5.2 GRU Model 

The GRU model, a computationally efficient alternative to LSTM, demonstrated 

superior performance in capturing temporal trends. 
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Fig.3.The graph  illustrates the actual vs. predicted confirmed cases for the GRU 

model. 

● RMSE: 224,112 

● MAPE: 32.46% 

The model shows a strong ability to track the actual trends, with the lowest MAPE 

among the three models, indicating its reliability for real-time forecasting. 

5.3 RNN Model 

The RNN model, a baseline for sequential data analysis, was also tested.  

 
Fig.4. The graph below shows the actual vs. predicted confirmed cases for the RNN 

model. 



 

● MAPE: 58.69% 
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● RMSE: 190,948 

While it achieved a lower RMSE compared to GRU, its high MAPE indicates instability 

in predictions.  

5.4 Comparison Table 

Table 1. Comparison of the RMSE and MAPE values of the three models. 

Model RMSE MAPE Observation Conclusion 

LSTM 215.86

2 

63.89% Higher error in 

predictions, 

struggles with 

peak outbreak 

periods. 

Suboptimal for 

real-time 

forecasting. 

GRU 224.11

2 

32.46% Lowest 

MAPE, 

effectively 

captures 

trends, and 

balances 

accuracy and 

efficiency. 

Best choice for 

epidemic 

forecasting. 

RNN 190,94

8 

58.69% Lower RMSE 

but high 

MAPE 

indicates 

instability in 

predictions. 

Less reliable for 

long-term 

forecasting. 

6 Discussions 

A comparative study of their performance concerning the outbreak prediction, 

graphical experiments, was undertaken on the three machine learning models: LSTM, 
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GRU, and RNN. The GRU model has a slightly lower MAPE value of 32.46%, thus 

proving itself to be better in detecting trends with high accuracy. LSTM is also capable 

of modeling long-term dependencies but has some problems at the peak of the 

outbreaks due to higher MAPE values of 63.89%. It has certain problems with modeling 

this kind of data. As for RMSE, the RNN model is worse, with RMSE of 190,948, 

displaying instability of predictions with the highest value of MAPE (58.69%) 

indicating poor generalization. Besides, there is an added chart showing the models' 

performance. 

 

 
 

Fig. 5.Pie chart showing RMSE and MAPE distribution among models 

The pie chart graphically compares the models according to the Mean 

Absolute Percentage Error (MAPE). GRU model is a small portion of the pie chart; 

thus, it has the least MAPE and accuracy. The other model, namely LSTM and RNN, 

have larger portions that are due to their higher MAPEs. The quantitative results are 

visually reinforced here as GRU model is most effective to carry out forecasting of 

epidemics. Larger portions for LSTM and RNN highlight their limitations in modeling 

a dynamic system related to a disease outbreak. During times of rapid increase or 

decrease in cases, such models fail to adequately capture the dynamism of an outbreak. 

The accuracy results of the classification for the outbreak severity using the 

confusion matrix is presented for further clarification. 
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Fig. 6.Confusion matrix of GRU Model 

In brief, the model predicted 4 low-severity cases, 5 medium, and 4 of 6 high-

severity outbreaks with the GRU. Most misclassifications take place between medium 

and high severity; hence, the model cannot draw a clear distinction in some of these 

cases. GRU models have a better accuracy of classification, especially in cases of low 

and high severity, making them a useful tool in giving actionable recommendations to 

public health authorities and users. Findings of the study would be important in future 

public health and preparedness for an epidemic. The GRU model fits in with forecasting 

models by catching temporal trends with the minimum error level. Such early warning 

enables proactive actions through intervention of users of the suggested mobile 

application, developed with GRU: individuals and healthcare professionals are 

empowered with real-time actionable information. Such technology-based approaches 

might lead to less burden of infectious diseases and enhance responsiveness by public 

health. Future work could involve the incorporation of additional data sources such as 

social media trends and wearables into prediction modeling in efforts to increase 

prediction accuracy and provide individualized risk estimates. By merging 

sophisticated machine learning methods and human-centric technology, this study adds 

to the growing body of literature in the quest to mitigate the social-economic and health 

effects of epidemic outbreaking. 
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