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Abstract— In recent years, the COVID-19 

pandemic has emerged as a global crisis, underscoring the 

importance of early detection and analysis in controlling 

disease outbreaks. However, due to high uncertainty and 

a lack of essential outbreak data, traditional models have 

struggled with accuracy in long-term predictions. While 

the literature review highlights various attempts to 

address this challenge, existing models still require 

improvement in terms of generalization and robustness. 

Recent studies suggest that Machine Learning (ML) 

techniques offer a promising approach to analyzing 

health-related data, enabling the identification of 

potential disease outbreaks, facilitating timely 

interventions, and ultimately reducing healthcare costs. 

This research seeks to evaluate the performance and 

predictive capabilities of various machine learning 

algorithms to determine the most accurate and reliable 

models for disease prediction. The findings aim to 

propose a novel framework for early outbreak detection 

using ML techniques and to conduct a comparative 

analysis of studies that have employed ML for detecting 

disease outbreaks. 
Keywords-Public Health, Epidemic, Outbreak, Risk Factors, 

Machine Learning. 

I. INTRODUCTION 
 

magine a world free from the global crises caused by 
infectious diseases. The year 2020 brought 
unprecedented disruptions as the rapid spread of 

COVID-19 exposed vulnerabilities in economies, healthcare 
systems, and daily life. The swift progression of the virus 
strained existing strategies, underscoring the urgent need for 
innovative and adaptable solutions. In the event of an 
infectious outbreak, it is imperative for governments and 
authorities to enforce specific regulations across society. 
Infectious diseases remain a constant threat to global public 
health, often leading to widespread illness, fatalities, and 
significant economic strain. [1]. 

Controlling and accurately predicting disease outbreaks 
has always been a top priority in public health. Accurate 
predictions are essential for public health professionals to 
implement effective prevention and control measures and to 
make well-informed decisions. 

Manually detecting pandemics and infectious diseases is a 
time-consuming process that is prone to human error, 
presenting a significant challenge [2]. As a result, the use of 
Artificial Intelligence (AI) has become urgently necessary to 
address this issue. Predicting the course of an outbreak, 
identifying at-risk populations, efficiently allocating 
resources, and implementing effective containment strategies 
are complex tasks that require real-time analysis of large and 
diverse datasets [3]. AI is widely used across various 
industries and has a significant impact on the field of public 
health. Predictive models, developed using machine learning 
algorithms, have been applied in both infectious and non-
infectious contexts, such as using image analysis to forecast 
disease progression. Accurate outbreak prediction models are 
essential for gaining a deeper understanding of the potential 
spread and impact of infectious diseases. Leveraging AI and 
ML to enhance public health offers an opportunity to bridge 
the gap between scientific predictions and their real-world 
application. [4].  

In public health, understanding the terms outbreak, 
epidemic, pandemic, and endemic is essential for grasping the 
dynamics of diseases and their impact on populations. An 
epidemic refers to a rapid increase in the number of cases of a 
particular disease within a specific geographic area or 
community, typically exceeding the normal expected levels. 
When an epidemic spreads across multiple countries and 
regions, it is classified as a pandemic. In contrast, an endemic 
disease is characterized by a relatively stable, consistent 
presence within a particular population or region, without the 
sharp increases observed in epidemics [5].  

Finally, an outbreak is a localized rise in disease cases that 
may or may not develop into an epidemic, as shown in Fig 1. 
The purpose of the research is to further our understanding of 
the potential applications of machine learning as a 
preventative measure against disease outbreaks. 
The present study attempts to investigate the subsequent 
research questions: 

⎯ Which machine learning techniques are applied to 

diagnose infectious diseases? 

⎯ Which dataset sources are utilized in the models that are 

predicted? 

⎯ To what extent do the methods employed for illness 

diagnostic models perform?
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 Fig 1: Summary of Pandemic, Epidemic, Outbreak and Endemic [6]

II. BACKGROUND OF STUDY 

To minimize the risk of communicable disease outbreaks, it 

is essential to understand the key risk factors associated with 

infectious diseases. Consequently, it is crucial to evaluate 

how socioeconomic, demographic, geographic, climatic, 

behavioral, and health-related factors impact the patterns of 

these diseases. 

 A. Public Health risk factors  

Risk factors for public health are important in determining 

how healthy a population is. A health risk factor is any 

characteristic, action, or state that raises an individual's 

chance of developing a certain illness or health issue. 

Numerous influences, including socioeconomic, 

environmental, genetic, and demographic factors, might be 

included in this category of risk factors [7]. Thus, it is 

essential to identify these risk variables in order to develop 

effective public health interventions and to avoid diseases. 

Based on shared traits and influences, risk factors can be 

generally divided into multiple groupings, which include 

the following:  

1) Behavioural risk factors  

These are connected to how people behave and make 

lifestyle choices. The prognoses and susceptibility of 

common infectious diseases are significantly shaped by 

behavioral variables. Among these are things like obesity, 

smoking, alcohol consumption, and physical inactivity [8].  

 

2) Demographic risk factors  

These elements are strongly related to the 

socioeconomic status of people, places, or eras. These 

elements have a big impact on how infectious diseases 

propagate and affect people. Age, sex, population density, 

occupation, education level, and ethnicity are important 

demographic risk variables [9] [61]. 

 

3) Environmental risk factors 

Environmental risk factors are those outside 

circumstances or environmental components that have the 

potential to raise the probability of unfavorable health 

outcomes, environmental issues, or detrimental effects on 

ecosystems. These elements have the potential to 

contribute to issues including pollution, climate change, 

habitat destruction, and disease transmission [10]. 

B. Outbreak / Epidemic Stages 

When the quantity of instances in a certain area or 

population during a given period exceeds what would be 

expected, it is called an epidemic or outbreak of disease, as 

illustrated in Fig 2 [11].  

   
Fig 2: Trend of the outbreak throughout time [11] 

Epidemics usually develop in phases, each distinguished by 

unique dynamics and characteristics. These stages are 

essential for understanding and controlling the outbreak and 

directing researchers' and public health officials' actions. The 

following are the stages of the epidemic investigation [12] 

[13]: 

 

1. Preparation for the investigation 

2. Confirm outbreak and diagnosis. 

3. Develop case definition. 

4. Formulate hypothesis. 

5. Testing hypothesis 

6. Conclusion and recommendations for control and 

prevention. 

7. Communicate the findings. 
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C. An Overview of Machine Learning(ML) in the Health 

Sector 

As illustrated in Fig. 3, AI is a broad area of computer 

science that includes various specialized areas such as 

image processing, machine learning, deep learning, 

artificial neural networks, and cloud-based AI solutions. 

ML is a subset of AI, that focuses on building models and 

algorithms that let computers learn from data and without 

explicit programming, make predictions or conclusions 

[1]. 

 
Fig3: The link between AL, ML, DL 

Machine learning has demonstrated substantial benefits in the 

medical sector, especially in areas like disease prediction and 

medical diagnosis. ML algorithms can evaluate huge and 

complicated datasets, identifying patterns and trends that 

could be hard for people to observe. The three primary 

categories into which these algorithms are typically divided 

are reinforcement learning, unsupervised learning, and 

supervised learning, as depicted in Fig 4. 

 
Fig 4: Machine Learning categories 

 

Supervised learning involves training a model to link input 

data with corresponding target labels using a labeled dataset. 

In this method, if the target variables are continuous real 

numbers, the task is referred to as regression. Conversely, 

when the target variables are categorical, it is known as 

classification. Unsupervised learning, however, focuses on 

identifying patterns in datasets that consist only of input data, 

without specific objective labels. Reinforcement learning is 

teaching sentient agents to learn from their mistakes, keep 

trying to achieve the best result and maximize rewards over 

time. 

 

This research will concentrate specifically on supervised 

learning, which includes both classification and regression 

techniques. The following section will outline the most 

commonly used methods in these categories. 

 

1. Logistic Regression (LR) is a statistical technique that's 

applied to forecast binary outcomes, where the 

dependent variable can take one of two possible values, 

usually represented as 0 and 1. Many tools, such as R, 

Python, Java, and MATLAB, can be used to implement 

logistic regression [15][16][17]. 

2. Naïve Bayes (NB): is a classification technique that 

utilizes Bayes' theorem, enabling the estimation of an 

event's probability using past knowledge of relevant 

circumstances. NB is a popular ML algorithm for the two 

binary and multiclass classification tasks, known for its 

simplicity, speed, and efficiency. This makes it 

particularly well-suited for a variety of applications, 

especially when working with small datasets [15][16]. 

3. K-nearest Neighbors (KNN): is a simple, conventional 

classification algorithm. It utilizes a "voting" mechanism 

among the 'K' nearest neighbors as the basis for its 

classification conclusion. The approach can be used for 

tasks involving continuous qualities and computes 

distances using the Euclidean distance metric [16]. 

4. Decision Tree (DT): is a popular algorithm in machine 

learning and data mining, valued for its simplicity and 

adaptability in managing activities related to regression 

and classification. This algorithm uses a structure like to 

a tree to represent decision logic, where data items are 

classified through nodes, with the top node known as the 

root node. Decision Trees can be deployed using 

different tools, including Python with Scikit-Learn, R 

Studio, Orange, KNIME, and Weka [16][17]. 

5. Support Vector Machines (SVM): is a supervised 

learning technique that is applied to regression and 

classification tasks, especially in the medical diagnosis 

industry. By using different kernel functions, SVM can 

handle data that is both linear and non-linear. It functions 

by displaying data points in a high-dimensional space 

and locating the hyperplane that efficiently divides 

classes. Tools like SVMlight with C, LibSVM with 

Python, MATLAB, SAS, Kernlab, Scikit-Learn, and 

Weka can all be used to build SVM. [15][16][17]. 

6. Random Forest (RF): is an ensemble classifier that 

mimics a forest composed of several trees by using 
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several decision trees. Both classification and regression 

tasks can be completed with it. To create a model that 

can predict outcomes and categorize unlabeled input, 

reinforcement learning uses a labeled dataset. It works 

very well with big datasets. R, Scikit-Learn, and Python 

are some of the tools used in RF implementation 

[16][17]. 

III. RESEARCH METHODOLOGY 

A. Research Procedure 

The search procedure is a crucial component of research, 

ensuring that the study is accurate and grounded thorough 

comprehension of the state of the art in the field of public 

health. This search focuses on selecting relevant 

published articles from 2018 to 2023 that pertain to 

infectious disease prediction, with the aim of forecasting 

future outbreaks. To ensure thorough and adequate 

coverage of studies aligned with our research objectives, 

the search was conducted using databases such as 

PubMed, Web of Science, Scopus, and Google Scholar. 

The upcoming search keywords were used to find papers 

that could be related: (Forecast* OR Predict) AND 

(Machine learning) AND (infectious diseases OR 

communicable diseases) AND (Risk factors). 

B. Data Analysis 

The selected studies were categorized based on factors 

such as the country of origin, type of disease, disease 

classification, data source, sample size, and the 

techniques employed. 

IV. LITERATURE REVIEW 

This section summarizes previous research on machine 

learning-based public health forecasts. It provides a thorough 

examination of the approaches, formulas, evaluation criteria, 

and modeling instruments used in forecasting of infectious 

diseases. 

Yadav et al. performed a study to predict malaria in 

Senegal using four distinct machine learning algorithms. 

They used datasets 1 and 2, which had 21,083 and 5,809 

records, respectively. Artificial neural networks (ANN), 

Support Vector Machines (SVM) with Gaussian kernels, and 

Random Forests (RF) were used in the study. The outcomes 

showed that ANN produced the best accuracy, with at least 

92%, 85%, and 89% of precision, recall, and F1-scores, 

respectively, in both datasets [20]. 

In a study, Mushtaq et al. concentrated on identifying key 

input variables for machine learning-based waterborne 

disease prediction. To forecast cases of waterborne diseases 

that are positive, they used a variety of machine learning 

methods, such as KNN, DT, Random Forest (RF), (SVM), 

and Logistic Regression LR. The authors received patient 

data on typhoid and malaria from Ayub Medical Hospital in 

Pakistan between 2017 and 2020. A total of 22,916 instances 

of malaria and 68,624 cases of typhoid were included in the 

data. According to the experiment's results, RF outperformed 

other machine-learning models in its ability to forecast cases 

of typhoid disease (77%), and malaria (60%). Furthermore, 

RF outperformed other ML models by a large margin in the 

malaria dataset [21]. 

Ousseynou et al. evaluated the effectiveness of the most 

used machine learning models for predicting Malaria 

occurrence. They compared several ML algorithms, 

including NB, LR, DT, SVM, RF, and ANN. Using a real-

world dataset containing 21,083 instances of patients residing 

in Senegal, the study found that Naive Bayes (NB) 

outperformed the other techniques, delivering the best 

precision, recall, and AUC scores [22]. 

    P. Mohapatra et al. proposed a model to forecast malaria 

risk in India using different ML algorithms. The study 

utilized data from the Directorate of Public Health Services, 

Government of Odisha, which included various climate 

datasets and temporal scales. The research was conducted 

using the WEKA platform, employing Multilayer Perceptron 

(MLP) and J48 classifier techniques. The findings revealed 

that the J48 classifier outperformed the MLP, achieving a 

performance accuracy of 71%. [23]. 

Salim et al. assessed a highly efficient machine-learning 

model for forecasting Dengue outbreaks across five different 

districts in Malaysia. The study utilized CART, ANN, SVM, 

and NB models to predict dengue outbreaks based on climate 

variables. Data was gathered from private clinics, public 

clinics, and hospitals, comprising 1,300 instances over five 

years. The findings indicated that the SVM model delivered 

the highest predictive performance among the various ML 

techniques, achieving an accuracy of 70%. This study 

highlights how SVM with a linear kernel can accurately 

forecast dengue outbreaks without overfitting. [24]. 

Samrat et al. employed an ML model to identify the 

factors contributing to dengue epidemics in a specific area of 

Bangladesh. The study used two machine learning 

techniques: Multiple Linear Regression (MLR) and Support 

Vector Regression (SVR). A dataset named DengueBD was 

created using daily press releases from the Directorate 

General of Health Services (DGHS) in Bangladesh for this 

study. The findings indicate that the MLR model achieved 

67% accuracy, while the SVR model reached 75% accuracy 

[25]. 

 

McGough et al. suggested a novel method based on 

machine learning for forecasting dengue outbreaks in Brazil. 

The study used data on cases of dengue fever per year, 

collected from the Brazilian Ministry of Health between 2001 

and 2017, as well as daily temperature and precipitation data 

from GMAO-NASA for the years 2000-2016. The 

researchers employed SVM model and an ensemble learning 

model to predict whether a year would be epidemic or non-

epidemic for dengue fever. This method focused on time-

series feature extraction, and the model achieved an accuracy 

of 75% [26]. 
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Dourjoy et al. identified key signs of dengue fever and 

developed an early projection system for dengue in 

Bangladesh. They used SVM and RF classifier algorithms to 

forecast the occurrence of dengue fever, analyzing around 

1,047 data points gathered through surveys and online 

sources. Unlike other studies, their approach focused on 

symptoms as the main parameter for predicting future dengue 

cases. The results indicated that SVM achieved a slightly 

higher accuracy of 69%, compared to 68% for Random 

Forest [27]. 

Gupta et al. created an early prediction model for dengue 

disease diagnosis by applying a number of machine learning 

techniques, such as support vector classifier (SVC), DT, RF, 

Gaussian Naive Bayes, and KNN classifier. An analysis of 

1,872 cases from two cities was conducted using data from the 

DengAI competition. With the best accuracy and mean score 

of 8.72, Random Forest emerged as the most successful 

strategy among the evaluated ones, according to the data [28]. 

Zia Farooq et al. created a framework to provide rapid and 

accurate notifications for potential West Nile virus outbreaks 

in Europe. The study leveraged the XGBoost machine 

learning algorithm and SHAP for ranking feature importance. 

They applied the framework to four distinct datasets from 

2010 to 2019. The findings revealed that the model 

accomplished AUC scores of 0.97 and 0.93 on two of the 

datasets, highlighting its strong performance [29]. 

Ajith et al. carried out research to forecast the trend of 

West Nile Virus (WNV) outbreaks in India using machine 

learning models. They used a dataset from Kaggle as the 

primary data source for their analysis. The study employed 

multiple techniques, including RF Classifier, NB Classifier, 

and Adaptive Boost. The results revealed that the RF 

algorithm delivered the highest accuracy in predicting WNV 

presence, surpassing the other methods utilized [30]. 

 

Kim et al. applied SVM to estimate the prevalence of 

influenza by analyzing Internet articles collected from the 

Centre for Health Protection (CHP) in Hong Kong. The 

dataset, which included 7,791 news articles from sources like 

Twitter, spanned from 2004 to 2018. The research found that 

SVM obtained an accuracy of 86.7% in predicting influenza 

cases. They also proposed using a weighting index to 

determine if a peak is local or global and how big it is [31]. 

Chiu et al. utilized ML methods to examine disease 

prevention in the setting of Emerging Infectious Diseases 

(EID). An analysis of 83,227 Taiwanese hospital admissions 

for influenza-like illness (ILI) was conducted. Deep Neural 

Network (DNN), logistic regression-based, and DT models 

are the three categories of prediction models that were 

created. The outcomes showed that DT models and DNN 

models had comparable performance in predicting the 

severity of ILI [32]. 

Gupta proposed a machine learning model to forecast 

Zika disease and predict future outbreak locations in rural and 

suburban areas. Feature selection was performed using RF 

and XGBoost algorithms. The model was built using 

ADABoost, XGBoost, SVM, Multi-Layer Perceptron, and 

LR. The findings demonstrated that XGBoost had the highest 

accuracy, achieving 95% [33]. 

Zheng et al. predicted the probability of snail infestations 

with Schistosoma using a random forest machine learning 

technique. Data was collected through a snail survey 

conducted at 2,369 sites. The results showed that the model 

achieved an AUC of 0.889 and a Kappa value of 0.618 [34]. 

Ali et al. developed a model for forecasting 

Schistosomiasis by identifying key features using machine 

learning techniques in China. The dataset comprised 4,316 

instances collected from the Hubei Institute of 

Schistosomiasis Prevention and Control (HISPC). Four 

machine learning techniques were employed to build the 

model: Gradient Boosting, Light Gradient Boosting, Extreme 

Gradient Boosting, and CatBoost. The results demonstrated 

that the CatBoost model achieved the highest accuracy at 

87.1%, outperforming the other models [35]. 

Jiang et al. utilized machine learning techniques to create 

a model that predicted variables influencing patients with 

schistosomiasis one year after discharge. The Hunan Institute 

for Schistosomiasis Control (HISC) in China provided the 

data for the study, which comprised 9,541 patients. LR, DT, 

RF, ANN, and XGBoost are the five machine learning 

algorithms the prediction model was constructed using. 

XGBoost yielded the best results, as evidenced by an AUC 

value of 0.846 (95% confidence interval: 0.821 - 0.871) when 

the model's performance was evaluated using AUC [36]. 

 

Soni et al. developed a system for predicting Ebola 

disease using various machine learning techniques, including 

DT, Bagging classifiers, KNN, SVM, Stochastic Gradient 

Descent classifiers, LR, RF, Gradient Boosting classifiers, 

Ridge Classifier, and Hybrid Neural Networks. They utilized 

a combination of classification methods and hybrid models, 

particularly focusing on Stochastic Gradient Descent, 

Random Forest, and KNN techniques. The dataset, obtained 

from the WHO, revealed that while Random Forest achieved 

the highest accuracy among the individual techniques, the 

hybrid model combining Random Forest and KNN 

outperformed it, achieving an accuracy of 96% [37]. 

 

In conclusion, Table 1 provides a comparative analysis of 

recent studies that have applied machine learning techniques 

for infectious disease prediction. 

 

  



                   Informatics Bulletin, Helwan University, Vol 7 Issue 1, January 2025                                6 

 

 

 

Table 1:  Comparative study of ML approaches for the prediction of infectious diseases adapted from [64].
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Fig 5: A proposed Intelligent novel framework for Early Epidemic Outbreak 
Detection 

V. OUTBREAK PREDICTION 

 
Machine learning models have recently gained significant 

attention for their effectiveness in predicting outbreaks. These 
models are adept at detecting hidden trends in data that 
conventional methods might overlook. Techniques such as 
NB, SVM, Neural Networks, and RF are commonly utilized 
to predict epidemic diseases. Despite the challenges in 
infectious disease prediction, machine learning models can 
overcome these by handling large volumes of data and 
identifying intricate relationships between input features. 
SVM and tree-based algorithms like RF are frequently used in 
infectious disease prediction due to their ease of use and 
effectiveness in time series analysis [1].  

In a connected world, the efficiency of public health relies 
heavily on promptly identifying outbreaks and epidemics. 
Although traditional surveillance systems are important, they 
often face challenges related to data collection, processing 
speed, and adapting to new threats. [61]. 

 
To tackle these challenges, this research proposes a 

unique framework for the early detection of outbreaks and 
epidemics using machine learning techniques. As illustrated 
in Fig 5, this framework leverages the ability of machine 
learning to improve the early identification of epidemics. It is 
comprised of four distinct phases: 

1. Clinical profile illustration:  
In the first phase, the framework prioritizes the collection 

and presentation of clinical profiles from individuals in the 
affected population, assisted by experts like epidemiologists. 
This involves compiling detailed data on symptoms, medical 
history, and diagnostic test results. These clinical profiles are 
crucial for detecting patterns and anomalies that could suggest 
the onset of an outbreak. 

 
2. Risk Factors Analysis 

  In this phase, a detailed analysis is performed to identify 
the risk factors that might contribute to the outbreak. This 
includes evaluating various elements such as demographic 
data, environmental conditions, travel histories, and exposure 
to specific sources or environments. To achieve a thorough 
understanding, more detailed insights into these factors are 
gathered. The analysis also incorporates epidemiological 
features and the disease's natural history to offer a complete 
assessment of the factors involved in the outbreak [19]. 
 
3. Infectious Disease Prediction using ML 
ML algorithms are employed to forecast the risk of infectious 
disease spreading among the population during this crucial 
stage. The dynamics of disease propagation can be simulated 
by using a various of machine-learning methods to identify 
affected individuals. Pre-processing to prepare the raw data, 
data training—using training data to train the created model—
and prediction-gathering from a second set of test data are 
some of the processes that make up this phase. The last stage 
is the model evaluation testing phase. 
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4. Peak Occurrence Prediction Using Time Series 
 One of the most important aspects of preparing a 

successful public health response is estimating the peak 
incidence of an outbreak or epidemic. At this point, the 
outbreak's anticipated peak is predicted with accuracy and 
timeliness using time series analytic techniques. Knowing 
when the peak will occur helps public health professionals and 
policymakers more effectively deploy resources, implement 
interventions, and coordinate responses. 

VI. COMPARATIVE ANALYSIS STUDY 

The algorithms employed annually are outlined in research 

published from 2018 to 2023, as depicted in Fig 6. Moreover, 

all of these studies address challenges related to disease 

prediction. 

 
Fig 6: Published studies applying ML methods. 

 

Fig 7: Percentage of diseases predicted by ML techniques. 

 
The use of ML algorithms for disease prediction, as 

illustrated in Fig. 7, indicates that Support Vector Machine has 
become the top performer, achieving the greatest percentage 
at 21%. On the other hand, studies or publications that used 
ensemble and Multilayer Perceptron (MLP) approaches had 
the lowest percentage, which was 1%.  

VII. DISCUSSION   

The summary of the selected research highlights two main 
findings. Firstly, it identifies the challenge of using small 
datasets for predicting epidemics or disease outbreaks, 
emphasizing the need for larger, more comprehensive datasets 
to enhance the predictability and accuracy of predictive 
models. Secondly, it demonstrates that the performance of 
machine learning models can be enhanced by using a 
combination of techniques to extract a wide range of features, 
which helps capture diverse patterns and characteristics. 

 
To address these challenges, the proposed model aims to 

utilize multiple datasets for diagnosing infectious diseases. By 
incorporating various data sources, the model seeks to provide 
valuable insights to decision-makers, enabling earlier 
detection and more timely responses to potential outbreaks. 
The importance of data quality and diversity is also crucial, as 
large-scale, high-quality datasets and the integration of 
different sources—such as clinical records, environmental 
data, and social media—are essential for developing accurate 
and robust predictive models. This comprehensive approach 
will enhance understanding of disease patterns and support 
effective public health interventions and timely actions. 

VIII. CONCLUSION 

Determining the end of infectious disease outbreaks is 

crucial for effective response, but current models in the 

literature often struggle with generalization and 

robustness. There is a need to improve these models to 

provide more reliable and practical solutions. This 

research offers a comparative analysis of various machine 

learning models for predicting disease outbreaks, serving 

as an initial benchmark that highlights machine learning's 

suitability for further study. It also recommends that 

significant progress in outbreak forecasting can be made 

by involving machine learning techniques in existing 

approaches. 

IX. LIMITATIONS AND FUTURE WORK 

Predicting or measuring epidemics presents significant 
challenges due to the absence of fixed standards, driven by 
the unpredictable nature of epidemics and the diverse factors 
influencing them, particularly in infectious diseases. A 
review of current studies highlights several critical issues: the 
scarcity of large datasets, which are crucial for the 
effectiveness of machine learning algorithms; the presence of 
noisy datasets filled with irrelevant information, which 
decreases model accuracy and heightens the risk of 
overfitting; and the challenge of feature selection, which is 
crucial for model performance as it involves identifying the 
most relevant features from a broader set. While open-source 
libraries address some of these challenges, integrating the 
Analytic Hierarchy Process (AHP) technique could prove 
valuable for future research. 
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Moreover, many studies are focused on specific diseases, 
which limits the applicability of their findings to broader 
populations or other health conditions. Creating a more 
generalized model capable of predicting a wider range of 
diseases could be a promising area for future investigation. 
Additionally, many studies rely solely on clinical profiles, 
overlooking environmental factors. Including these factors in 
future research is crucial for improving prediction accuracy. 
Due to the significant ambiguity and absence of necessary 
historical data, common models often struggle with 
inadequate long-term prediction accuracy. 
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