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Abstract: This review article discusses technological and policy approaches to big data analytics and
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I. INTRODUCTION
From the 14th-century Black Death to the COVID-19 pandemic, epidemics have impacted human history (Noble &
Hiralal, 2020; Vogele, Rittershaus, & Schuler, 2021). Outbreaks destabilize economies, healthcare systems, and cause
significant morbidity and death. Epidemics have a worldwide impact, making good management measures essential.
Early identification and forecasting are crucial. Public health authorities may prevent infectious disease transmission,
manage resources, and minimise social disturbance by recognizing possible outbreaks early (Badidi, 2023; Uzougbo,
Ikegwu, & Adewusi, 2024).
Early epidemic identification and forecasting entail predicting infectious disease outbreaks' beginning, development,
and impact. While useful, traditional epidemiological approaches sometimes use historical data and lag behind real-
time advances. This delay may delay reactions, spreading infections. Therefore, fresh methods using current technology
are needed to improve epidemic predictions (Alamo, Reina, & Millan, 2020). Big data analytics transforms the
management of large, complex datasets that standard data processing cannot handle. Advanced analytical methods and
algorithms are used to find patterns, trends, and insights in massive data sets.
Big data's volume, velocity, diversity, and truthfulness make it ideal for understanding epidemic data's complexity
(Ghosh, Biswas, & Ghosh, 2023; Mittal, 2020). Big data analytics is growing in epidemiology and health. Digital
health records, mobile health apps, wearable devices, social media, and other platforms create unparalleled health data.
Big data analytics can anticipate disease outbreaks, provide real-time monitoring, and evaluate public health treatments
using these different data sources. This data-driven strategy speeds up and improves infectious illness detection and
response (Jayaraman, Forkan, Morshed, Haghighi, & Kang, 2020; Li, NovilloOrtiz, Azzopardi-Muscat, & Kostkova,
2021). This study examines technological and policy aspects of big data analytics and epidemic forecasting.
The goal is to explain how big data analytics may transform epidemic forecasting and the policy frameworks needed to
enable it. The paper will focus on big data analytics' epidemic forecasting techniques. This comprises data gathering,
analysis, and predictive modeling for accurate and timely pandemic forecasts. The paper will examine these
technological elements to highlight emerging big data forecasting methodologies. Besides technological viewpoints, the
presentation will stress policy frameworks' role in big data analytics for epidemic forecasting. Regulations, public
health policies, and strategic implementations for data-driven decision-making will be examined.
The study addresses these policy elements to present a comprehensive picture of big data analytics enablers and
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challenges in public health policies. The article concludes that big data analytics can change epidemic predictions. It
will examine the need for flexible and forward-thinking policies to progress technology and foster international
cooperation. The study seeks to advance epidemic preparation and response using data-driven methods.

Current state of epidemic forecasting

Traditional Methods Historically, epidemic forecasting included statistical models, expert opinion, and epidemiology.
Deterministic and stochastic models like SIR and SEIR were employed in traditional techniques. These models provide
for many compartments or states people might occupy regarding the illness to characterize infectious disease
propagation among a community (Zhu, Gao, Zhong, Gu, & Choi, 2021). Time series analysis and regression models are
also used to discover patterns and produce short-term projections using historical data.

These approaches anticipate future epidemics using prior epidemic data, which works for illnesses with well-known
patterns. Traditional epidemic forecasting relied on monitoring and reporting. Public health professionals monitor and
predict outbreaks using data from the Global Influenza Surveillance and Response System (GISRS) and national public
health reporting systems (Marcenac et al., 2022).

Traditional Method Limitations and Challenges Traditional approaches have supported epidemic predictions, but they
have drawbacks. Historical data may not fully reflect new infectious disease patterns. Novel diseases or those affected
by environmental and socioeconomic variables might behave unexpectedly, making historical models less useful
(Becker et al., 2021). Another issue is data collecting and reporting delays. Traditional monitoring methods need
laboratory confirmation and manual reporting, delaying epidemic detection and response.

Early intervention may be overlooked, causing infections to proliferate (Joel & Oguanobi, 2024b; Kodak & Bergmann,
2020). Traditional epidemiological model assumptions might be problematic. SIR and SEIR models presume
population homogeneity and ignore human behavior, movement patterns, and susceptibility and exposure (Tsori &
Granek, 2021; Zhu et al., 2021). These simplifications may impair disease transmission and effect predictions.
Scalability and flexibility are issues with older approaches. Disease spread prediction becomes increasingly difficult as
populations develop and become more linked. Traditional models may struggle to handle enormous datasets and adjust
to new data.

Forecasting Epidemics using Data Epidemic forecasting techniques and forecasts depend on data. Data types used in
this context provide unique insights into illness patterns (Alamo et al., 2020; Buckee, 2020; Rosenfeld & Tibshirani,
2021).

a) Health Records: EHRs and clinical data include case symptoms, treatments, and results. For clinical diagnosis and
illness incidence and transmission patterns, these data are essential.

b) Social Media: Twitter and Facebook provide massive volumes of user-generated material that might identify illness
outbreaks. User-shared symptoms and health concerns on social media may indicate growing health problems.

¢) Mobility Data: Mobile phones, GPS devices, and transportation networks give insights into human mobility
patterns. Understanding how individuals migrate across locations helps simulate infectious illness transmission,
especially close contact diseases.

d) Environmental Data: Temperature, humidity, and air quality affect disease transmission. Models may improve
climate-sensitive illness prediction by including environmental data (Singh et al., 2023). ¢) Genomic Data: Pathogen
genomics reveals infectious agent genetics. Genomic data may discover mutations, monitor disease evolution, and
assist vaccine development (Inzaule, Tessema, Kebede, Ouma, & Nkengasong, 2021). From Small-Scale to Big Data in
Epidemiology Epidemic forecasting changed as epidemiology switched from small-scale to large data. Data was
previously confined to manually gathered and reported instances. This small-scale data was informative but limited by
breadth and timeliness. Big data has changed epidemic forecasts.

Big data includes large, diversified, and continually created information that may show disease patterns in real time.
Digital data now surpasses prior levels, providing greater insights into disease dissemination factors (Adegoke,
Odugbose, & Adeyemi, 2024; Rehman, Naz, & Razzak, 2022). Fast large data provides real-time analysis and reaction.
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Now, health professionals may quickly access and understand data instead of waiting weeks or months to gather and
review sickness reports. Timely responses and pandemic control need this speed. Variety of data sources strengthens
epidemic forecasting models. Models may represent disease transmission's complexity by incorporating health records,
social media, migration patterns, environmental sensors, and genetics. This holistic strategy yields more accurate and
actionable projections (Jia, Guo, Wang, & Barnes, 2020; Munawar, Qayyum, Ullah, & Sepasgozar, 2020). Finally,
improved analytical methods and data validation may ensure big data veracity despite quality and dependability issues.
Filtering and processing massive amounts

Future directions and recommendations

Technological Advances Future technologies promise to transform big data analytics for epidemic predictions. A.L is
leading in disease outbreak prediction using massive datasets and machine learning techniques.

Al can identify trends and abnormalities in real time, improving epidemic forecasting accuracy and speed.
Blockchain technology might also improve data security and privacy. Block chain’s decentralized, immutable health
data ledger ensures data integrity and stakeholder confidence by enabling safe and transparent data exchange. Future
big data analytics trends may combine these technologies. A.I. and blockchain can improve prediction models' security.
As more health-related gadgets provide continuous data streams, the IoT will grow. Epidemic surveillance will become
more precise and timely. Advanced data visualization will assist policymakers and health authorities interpret
complicated data insights via intuitive and engaging visual interfaces.

Development of Policy Innovative policy frameworks are needed to use these technologies. Current rules frequently
lag behind technology advancement, limiting regulatory monitoring and benefits. Thus, adaptable rules that can adapt
to technological changes are essential. These rules should promote innovation while protecting data and ethics. Policy
improvements include regulatory sandboxes for testing new technologies before widespread use. This method helps
policymakers comprehend new technology and adjust rules. Policies should also encourage open data efforts, which
allow data sharing across industries and countries with security. This will foster speedy innovation and data analysis via
collaboration.
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