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ABSTRACT 

This research examines AI-driven data engineering in real-time public health 
monitoring and early epidemic detection to improve outbreak response speed, 
accuracy, and effectiveness. The study investigates frameworks and technologies 
that use electronic health records, social media, and environmental sensors via 
secondary data review. AI increases epidemic detection and response via 
sophisticated data integration and analysis, but data quality discrepancies, model 
interpretability, and privacy problems persist. The research also finds that 
resource constraints, especially in low-income areas, hinder the broad use of these 
technologies. Policy implications include standardizing data frameworks to 
improve integration, establishing AI transparency rules, and strengthening 
privacy safeguards to retain public confidence. We advocate investing in scalable, 
cloud-based infrastructures to access AI-driven surveillance technologies equally. 
Addressing these difficulties will strengthen public health systems' resilience and 
reactivity to new health risks, improving global health security. 
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INTRODUCTION 

Due to frequent infectious disease outbreaks, growing urbanization, and climate change, 
public health monitoring is more important than ever. Detecting illness outbreaks, tracking 
trends, and intervening quickly requires effective public health surveillance systems (Talla 
et al., 2023). These systems often use retroactive data collecting and processing, which 
delays health hazard response. AI and data engineering provide significant opportunities 
to upgrade and enhance public health monitoring systems for real-time and predictive 
epidemic identification (Rodriguez et al., 2023). This study addresses AI-driven data 
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engineering to construct robust, real-time public health monitoring systems that may 
identify epidemics early and enable proactive interventions. Real-time public health 
surveillance collects, analyzes, and interprets health data to detect illness trends. Unlike 
traditional techniques that depend on clinical data input, AI-powered systems can handle 
massive volumes of real-time, heterogeneous data from EHRs, social media, environmental 
sensors, and demographic data (Manikyala et al., 2023). Integrating and analyzing various 
data sources in near-real-time gives a complete population health picture, including clinical 
and subclinical illness signs. AI systems may also detect minor irregularities and patterns 
using machine learning and NLP, providing public health officials with an early warning 
system (Mohammed et al., 2023). 

However, real-time public health monitoring using AI raises several technological obstacles. 
Major data engineering concerns include ingestion, preparation, and data integration from 
diverse sources. From hospital records to social media language, public health statistics 
might vary. Harmonizing and standardizing various data streams is essential for AI-driven 
data engineering to assure consistency and accuracy (Farhan et al., 2023). Due to its high 
velocity, volume, and diversity, data storage and real-time processing need distributed 
computing frameworks and complex data pipelines. 

AI systems may analyze and interpret preprocessed data. Machine learning methods that 
handle time-series and spatial data are crucial for recognizing disease epidemic trends. AI 
systems can identify epidemic zones and transmission channels using anomaly detection, 
grouping, and predictive modeling. Convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs) can extract complicated patterns from spatial and temporal data, 
essential for disease propagation dynamics. Geospatial and epidemiological components in 
these models enable a comprehensive health landscape study, giving public health 
authorities relevant information. The effects of AI-driven real-time surveillance go beyond 
epidemic detection. Such systems may track illness development, allocate resources, and 
influence health crisis mitigation policies. Real-time feedback loops allow public health 
institutions to adapt to changing epidemic circumstances, improving response time. 

We propose a complete framework for AI-driven data engineering in real-time public health 
monitoring to add to the growing corpus of research on AI applications in public health. We 
discuss data integration, real-time processing, and predictive modeling and how AI systems 
may change public health procedures. We use AI in data engineering to show public health 
authorities how to get more accurate, fast, and actionable insights to improve epidemic 
detection and control. 

STATEMENT OF THE PROBLEM 

Infectious illnesses and pandemics have revealed the shortcomings of standard public 
health monitoring systems in recent years. Global travel and urban density accelerate 
epidemics, highlighting the necessity for real-time monitoring systems to identify health 
concerns and react dynamically to control them. Despite advances in healthcare data 
gathering and epidemiological modeling, monitoring methods depend mainly on 
retroactive analysis, sometimes too late to prevent broad transmission. AI-powered data-
driven breakthroughs might transform this profession, but their full use in real-time public 
health monitoring still needs to be explored. Existing systems need rapid, accurate data 
integration and analysis, hindering epidemic response and exposing a primary real-time 
disease monitoring research need. 
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Using AI-driven data engineering in public health monitoring might close this gap. AI can 
analyze and evaluate large amounts of heterogeneous data in real-time, including EHRs, 
social media feeds, environmental data, and new disease signs from across the globe. 
However, real-time surveillance using AI faces considerable obstacles. These problems 
include data heterogeneity, privacy issues, real-time data processing complexity, and 
difficulty constructing models that respond to disease spread uncertainty. More research 
must address the construction of end-to-end AI-powered frameworks that harmonize and 
integrate multi-source data for real-time epidemic detection. Some systems use AI, but few 
use sophisticated machine learning models to increase public health monitoring accuracy, 
efficiency, and prediction. 

This research mainly focuses on a framework for AI-driven data engineering for real-time 
public health monitoring and early epidemic identification. This study proposes an AI-
powered data pipeline to ingest, harmonize, and evaluate heterogeneous data sources in real-
time to increase surveillance system responsiveness and prediction accuracy. The research 
shows how machine learning algorithms, particularly anomaly detection and predictive 
modeling algorithms, may detect early disease outbreak signs and speed up intervention and 
containment. This system will also integrate health and environmental data to provide public 
health authorities with relevant information. This purpose supports designing a responsive, 
adaptable system responding to new data inputs and epidemic patterns. 

This work might help public health systems identify and control diseases early, crucial in 
the present global health environment. It also helps improve public health monitoring as 
infectious disease risks change. This research bridges the gap between public health data 
capabilities and those actively used by focusing on AI-driven data engineering, setting a 
precedent for future studies in healthcare systems using advanced AI and data engineering 
techniques. The project intends to provide public health officials with accurate, real-time 
knowledge to respond proactively to emerging health hazards. 

METHODOLOGY OF THE STUDY  

This secondary data-based review synthesizes AI-driven data engineering research on real-
time public health monitoring and epidemic identification. The study reviews data 
integration, real-time processing, and predictive modeling strategies for public health 
monitoring in peer-reviewed journal articles, technical reports, government publications, 
and industry white papers. Recent advances in artificial intelligence, machine learning 
algorithms, and data engineering frameworks enable fast disease outbreak identification 
utilizing electronic health records, environmental sensors, and social media feeds. Data 
input, preprocessing, and outbreak prediction model accuracy are discussed. This review-
based methodology allows the study to identify gaps in the literature and suggest future 
research objectives for real-time public health monitoring. 

FOUNDATIONS OF AI IN PUBLIC HEALTH SURVEILLANCE 

AI in public health monitoring transforms health threat identification, tracking, and 
management. Traditional monitoring methods gather clinical and laboratory data 
periodically, delaying reactions. AI's superior data processing can speed up epidemic 
detection, increase forecast accuracy, and speed up reaction times. This chapter discusses 
AI's fundamental role in transforming public health surveillance, including major AI 
approaches, surveillance data source development, and AI's benefits in early outbreak 
identification (Min et al., 2019).  
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Figure 1: Distribution of AI Techniques across Various Public Health Challenges 

The stacked bar graph in Figure 1 graphically represents the distribution of diverse artificial 
intelligence (AI) approaches applied to various public health challenges, particularly 
concerning infectious illnesses, chronic diseases, environmental health, and mental health. 
The Y-axis shows the percentage distribution of the AI approaches used to solve each public 
health concern, while the X-axis classifies the various difficulties. 

The cornerstone of public health surveillance is systematic data collection, analysis, and 
interpretation to track health trends, identify abnormalities, and prevent disease 
transmission. Traditional methods are helpful but need more data latency, scalability, and 
organized clinical data. This makes epidemic detection difficult, particularly for fast-
spreading illnesses. AI allows the integration of different, real-time data sources and scaled 
complicated analysis, addressing these difficulties. AI can evaluate massive volumes of 
organized and unstructured data in real-time, revealing hidden patterns that may suggest 
health hazards (Davies, 2019). 

The most popular AI approaches for AI-driven surveillance are machine learning (ML) and 
natural language processing (NLP). Observing time series and geographical data with 
supervised and unsupervised machine learning models may reveal epidemic trends. 
Anomaly detection algorithms may spot odd disease-related data spikes like respiratory 
hospital visits or over-the-counter medicine sales. Public health professionals have time to 
intervene when these algorithms detect epidemics before they are reported. 

Natural language processing extracts valuable information from unstructured data sources, 
including news headlines, social media postings, and internet search patterns, boosting 
surveillance capabilities. NLP can automatically detect health-related phrases, attitudes, and 
context from massive text data sets. NLP systems monitored social media for symptoms 
during the COVID-19 pandemic, enabling early diagnosis in places with little clinical data. By 
mining local and global data, NLP may give a more complete picture of epidemics, 
particularly in locations with limited public health infrastructure (Robertson & Yee, 2016). 
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Machine learning, NLP, and deep learning models are being used in public health monitoring. 
CNNs and RNNs can handle complicated, high-dimensional data like geographical or time 
series, making them ideal for epidemic prediction. CNNs are good at mapping disease 
transmission over geographic regions, whereas RNNs are good at sequential data analysis, 
such as tracking infection rates. These models may uncover complex disease transmission 
patterns, identify high-risk locations, and accurately predict epidemic trajectories. 

AI's capacity to connect and evaluate multiple data sources—including social, 
environmental, and behavioral datasets—is crucial to public health monitoring. Weather, 
population density, and movement patterns are used to predict disease spread in real time. 
AI systems may scan various data sources and find connections that conventional 
approaches miss, offering a more complete picture of epidemic causes. AI systems may 
detect illness risk factors more accurately by integrating multi-source data, enabling more 
effective and economical targeted therapies. 

Despite its benefits, AI in public health monitoring faces obstacles. Privacy, data quality, 
and model interpretability remain significant obstacles. AI algorithms need high-quality, 
representative population health data to work. Using sensitive health data or personal 
information on social media raises privacy problems. Finally, public health authorities must 
comprehend AI-driven forecasts to make educated judgments. Therefore, AI models must 
be interpretable. These challenges must be addressed to develop confidence in AI-driven 
surveillance systems and ensure their broad adoption (Odoom et al., 2012). 

AI makes epidemic detection quicker, more accurate, and more thorough, changing public 
health monitoring. AI systems can find large, heterogeneous information patterns using 
machine learning, NLP, and deep learning models. This move from retrospective to real-
time, data-driven monitoring could improve public health responses and reduce epidemics. 
AI's involvement in public health monitoring will undoubtedly grow, laying the 
groundwork for more robust and proactive health systems globally. 

DATA ENGINEERING FOR REAL-TIME OUTBREAK DETECTION 

Real-time epidemic detection relies on data engineering to quickly gather, process, and 
analyze vast, heterogeneous data streams. Data lags, periodic reporting, and clinical data 
restrict epidemic monitoring systems. Data engineering allows public health organizations 
to use various real-time data sources for quicker, more complete, and more accurate 
epidemic detection. This chapter covers data input, processing, heterogeneous data 
integration, quality management, and scalable systems for high-velocity data in real-time 
epidemic detection (Vilain et al., 2017). 

Every data engineering pipeline begins with data input when data from EHRs, social media 
feeds, environmental sensors, and mobile health apps is acquired. Unlike batch data 
collection, real-time epidemic detection needs continuous data intake to track changes. Data 
engineers use streaming data systems like Apache Kafka or AWS Kinesis to collect real-time 
data from numerous sources and put it into a single repository. This real-time intake 
pipeline helps public health systems discover new signals and health patterns promptly, 
enabling timely epidemic identification (Yousefinaghani et al., 2019). Table 1 enumerates 
the many AI approaches used in epidemic detection. It also explains each approach, its 
utility in the public health setting, and examples of the tools or libraries used to implement 
these approaches. This material highlights the technical methods that support data 
engineering efforts for epidemic detection. 
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Table: AI Techniques Applied in Outbreak Detection 

AI Technique Description Application in 

Outbreak Detection 

Example Tools 

Predictive 
Analytics 

Uses historical data to 
forecast future events 

Estimating potential 
outbreak locations 

TensorFlow, R, 
Python 

Anomaly 
Detection 

Identifies patterns that 
deviate from the norm 

Detecting unusual 
spikes in symptoms 

Azure Machine 
Learning, PyOD 

Natural Language 
Processing 

Analyzes text data for 
insights 

Scrutinizing social 
media for illness 
reports 

NLTK, spaCy 

Machine Learning Automates learning 
from data 

Classifying outbreaks 
based on various 
features 

Scikit-learn, 
Keras 

Time Series 
Analysis 

Analyzes data points 
collected over time 

Monitoring trends in 
disease incidence 

Pandas, 
Statsmodels 

 

Data processing and transformation convert raw, heterogeneous data into an analysis-ready 
format after data input. Real-time epidemic detection requires this since data streams from 
EHRs, social media, and mobile apps sometimes come in diverse forms. Data engineering 
pipelines standardize this data using Extract, Transform, Load (ETL) methods or real-time 
ETL solutions. NLP may extract meaningful information from social media postings, 
whereas time-series transformation may reveal patterns or abnormalities in sensor data. The 
pipeline provides a uniform epidemic analysis dataset by consistently transforming and 
categorizing data (Kim 2013). 

Data integration across different sources is a significant difficulty in real-time epidemic 
detection. Data engineering solves this difficulty by merging healthcare records, 
environmental data, demographic data, and search engine patterns into a single platform 
for more thorough research. Data lakes or warehousing technologies that store structured 
and unstructured data enable integration. Schema mapping or ontology-based 
methodologies may also be used in modern data engineering to unify data formats and 
terminologies across systems and allow cross-referencing. Integration lets public health 
agencies link environmental, social, and clinical aspects to disease patterns and better 
understand future epidemics. 

Data engineering for epidemic detection requires data quality control. Real-time detection 
requires precise, complete, and consistent data for trustworthy insights. Validation, error 
correction, and deduplication are embedded into the data pipeline to discover and fix errors 
as data enters the system. Automated data monitoring and auditing systems may also find 
anomalies and gaps that might lead to incorrect forecasts or missing outbreaks. Providing 
accurate public health response information requires data integrity and quality due to 
epidemic detection's high stakes. 

Scalable systems are needed for real-time data processing and storage. Data might increase 
unexpectedly during a health crisis, so outbreak detection systems must manage large numbers. 
AWS, Google Cloud, and Azure-powered scalable architectures provide dynamically assigned 
resources to match demand. Distributed computing frameworks like Apache Spark or Hadoop 
enable parallel data processing over numerous nodes, improving real-time handling of high data 
velocity and big datasets. Scalability is essential for outbreak detection systems to stay 
operational and responsive amid large data loads, such as early outbreaks. 
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Data engineering integrates AI and machine learning techniques for predictive analysis 
beyond data gathering and processing. After being imported, converted, and integrated, 
data may be put straight into outbreak-detecting machine-learning models. Automating this 
activity using data engineering pipelines allows model changes as new data comes. This 
keeps predictive models accurate and adaptable, making them ideal for early outbreak 
identification and forecasting. 

Real-time epidemic detection relies on data engineering for effective, scalable, high-quality 
data handling. Data engineering allows public health systems to quickly recognize and react 
to emerging health concerns via robust ingestion pipelines, data transformation, and 
seamless integration of varied data sources, strict data quality control, and scalable designs. 
As data sources and engineering methods improve, these systems will be better at giving 
real-time insights, enabling preemptive public health interventions, and limiting global 
disease outbreaks. 

CHALLENGES AND FUTURE DIRECTIONS IN AI SURVEILLANCE 

AI can change public health monitoring, especially for real-time epidemic detection. 
However, AI implementation in this sector faces several obstacles. These issues stem from 
technological, ethical, and practical matters such as data quality and integration, model 
interpretability, privacy, and resource constraints. To fully benefit from AI-driven 
monitoring and improve epidemic detection in the future, these concerns must be 
addressed. This chapter discusses the main obstacles to AI monitoring for epidemic 
detection and offers solutions to improve AI's public health effect. 

 

Figure 2: Major Challenges in AI Surveillance 
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The bar graph in Figure 2 shows the main obstacles to implementing AI monitoring systems 
in public health. On a scale of 1 to 10, where 10 represents the most significant degree of 
worry, the Y-axis gauges the frequency or severity of these difficulties. At the same time, 
the X-axis classifies the particular challenges. 

Data quality and integration are significant issues in AI-driven surveillance. Healthcare 
records, social media, laboratory results, and environmental sensors inform public health 
monitoring. Structure, frequency, and accuracy vary across these sources. AI models need 
consistent, high-quality data, but public health data is often insufficient, inconsistent, or 
biased. This discrepancy may cause model errors and epidemic misses. Disparate 
terminologies, formats, and reporting standards make combining data from disparate 
sources challenging to incorporate data into a coherent dataset. Data engineering must focus 
on standardizing data frameworks and improving data preprocessing to harmonize varied 
data types and assure data quality across sources. Reliable, real-time AI predictions need 
automated data cleansing and validation. 

AI surveillance also faces model interpretability and transparency issues. Many 
sophisticated AI models, intense learning models, are "black boxes," making their internal 
decision-making processes unclear. When making high-stakes epidemic detection choices, 
public health managers must understand how and why an AI model makes a forecast. AI 
forecasts' limited interpretability might make health professionals mistrust them and 
restrict their use in public health operations. Future AI research should emphasize 
explainable AI (XAI) techniques to make AI systems more understandable. To explain AI 
epidemic forecasts, LIME and SHapley Additive Explanations (SHAP) are being studied. 
These methods may boost AI-driven insight trust and public health uptake (Chattu et al., 
2019). 

Another major problem is data privacy and ethics. AI surveillance systems use sensitive 
data from social media and mobile devices, including health and behavioral data. Timely 
outbreak detection and privacy protection are challenging to balance. Mishandling sensitive 
data may cause public mistrust, privacy breaches, and surveillance system abuse. To secure 
data, AI surveillance systems will need stringent data governance laws and procedures like 
those from the General Data Protection Regulation (GDPR). Future research should also 
examine privacy-preserving methods like differential privacy and federated learning, which 
let AI models learn from data without disclosing sensitive data. These methods let health 
agencies use AI while protecting public confidence and personal data (Hendriksen et al., 
2019). 

In low-resource locations where epidemics occur, resource limits are another issue. AI 
systems need plenty of computing power and infrastructure to analyze real-time data and 
execute complicated analyses. In places with inadequate technological resources, these 
criteria may be impossible. Cost-effective, scalable AI technologies are needed to spread 
real-time AI surveillance worldwide. Cloud-based architectures and edge computing may 
solve these issues. Cloud-based systems provide on-demand computational capacity, 
whereas edge computing reduces latency and resource reliance by processing data closer to 
the source. Optimizing these technologies to create accessible, high-performance AI tools 
for epidemic detection in resource-limited environments is the next step. 

Models must be resilient and adaptable to account for changing illnesses and outbreak 
patterns. Historical-data-trained AI algorithms may fail to recognize new diseases or 
mutations. Due to COVID-19 variations' fast mutation rates, this is important. To adapt to 
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changing situations, models must learn from fresh data streams. The development of 
adaptive AI models that self-update and retrain with fresh data will help epidemic detection 
systems stay accurate and sensitive to emerging health concerns. Reinforcement and 
transfer learning, which enable models to learn from fresh data and improve depending on 
real-world results, are promising AI methods (Kamel Boulos et al., 2011). 

AI might transform epidemic detection, but data quality, interpretability, privacy, resource 
limits, and flexibility must be addressed. The following steps in AI surveillance should focus 
on data integration, model transparency, privacy protections, and adaptable, resource-
efficient models. By addressing these difficulties, AI-driven surveillance systems may 
become more robust, egalitarian, and trustworthy, enabling a more proactive and resilient 
public health response to epidemics. 

MAJOR FINDINGS 

The research on AI-driven data engineering for real-time public health monitoring and early 
epidemic detection shows substantial advances and difficulties in this vital subject. Key 
results show how AI and data engineering may improve epidemic detection speed, 
accuracy, and scalability. Still, they also show that these technologies need further research 
to attain their full potential in public health applications. 

First, AI-driven data engineering can integrate and analyze enormous amounts of different 
data in real-time. AI-enhanced data engineering provides a dynamic perspective of public 
health trends by combining data from EHRs, social media, environmental sensors, and 
mobility data. This capacity greatly enhances conventional surveillance approaches, 
sometimes hampered by delayed reporting and fragmented data. Natural language 
processing (NLP) and machine learning (ML) algorithms turn unstructured data like social 
media postings and news broadcasts into meaningful insights, adding contextual 
knowledge. Public health authorities may fight epidemics proactively using real-time data 
intake and processing and robust data engineering pipelines. 

Despite these advances, data quality and integration still need to be improved. The research 
shows that varied data sources typically have incompatible formats and vary in 
dependability, making integration and analysis difficult. Incomplete or biased datasets 
might cause AI forecasts to be wrong or overlook epidemic indications. Data quality is 
essential for reliable and timely insights since AI algorithms train and learn from vast 
datasets. Standardized data frameworks, automated data cleaning, and rigorous validation 
inside data pipelines are needed to improve real-time surveillance system accuracy and 
dependability. Model interpretability and transparency are crucial when using AI for 
epidemic detection. Complex AI models and profound learning algorithms produce 
predictions without transparency. The "black box" aspect of many AI models may make 
health professionals skeptical and impede their acceptance of AI-driven insights in public 
health, where choices must be based on transparent and verifiable data. Explainable AI 
(XAI) approaches enable users to comprehend prediction logic and are crucial for 
developing confidence and helping public health AI-driven surveillance systems work. 

Privacy and ethics remain essential, particularly when exploiting sensitive health and 
behavioral data for monitoring. The research emphasizes the need for privacy-preserving 
AI methods like differential privacy and federated learning to preserve personal data while 
allowing monitoring. Data security and GDPR compliance are essential to public trust and 
individual rights, which underpin sustainable AI surveillance. 
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Scalability and resource accessibility are priorities, especially for low-resource deployments. 
AI surveillance systems may need to be more computationally intensive in high-need 
places. According to the study, cloud and edge computing solutions may address these 
issues by offering scalable and adaptable computational infrastructure that adjusts to data 
loads. These techniques enable extensive, resource-efficient AI epidemic detection in 
disadvantaged locations. The key results demonstrate AI-driven data engineering's 
potential and limits for real-time epidemic detection. AI and data engineering help public 
health systems quickly identify and react to epidemics. Data quality, model interpretability, 
privacy issues, and scalability must be addressed for these systems to evolve and be used in 
global public health monitoring. 

LIMITATIONS AND POLICY IMPLICATIONS 

AI-driven data engineering for real-time public health monitoring has several drawbacks. 
Inconsistent data quality, integration issues across multiple sources, and the "black box" 
aspect of large AI models hinder public health decision-makers interpretability. Important 
ethical and privacy issues persist when using sensitive health data. Limited resources, 
especially in low-income locations, limit the adoption of AI-based monitoring systems. 

Regulatory frameworks should promote health system data standards for integration and 
interoperability to solve these restrictions. Policies should encourage explainable models 
and AI openness to build confidence and educate decision-making. Protecting individual 
rights requires more vital data privacy rules and investments in privacy-preserving 
technology. Finally, appropriate financing and resource allocation for scalable, cloud-based 
infrastructure may make real-time monitoring technologies worldwide accessible, 
encouraging robust public health systems. 

CONCLUSION 

AI-driven data engineering advances public health monitoring, especially real-time epidemic 
detection. This methodology helps public health officials detect and contain epidemics faster 
using several data sources and advanced analytical methods. AI turns raw data into usable 
insights, enhancing surveillance system accuracy and timeliness. However, implementing 
these technologies takes a lot of work. Data quality, integration, model interpretability, and 
ethics must be addressed to maximize AI's potential in public health. Data integrity and 
confidence in AI models are crucial for real-world adoption. Privacy and equal access to 
technical resources are also important, particularly in low-resource contexts where epidemics 
are most common. Governments and public health agencies must collaborate to create data 
standards, openness, and privacy regimes. Global public health system resilience requires 
investment in scalable, resource-efficient infrastructures. By overcoming limits and using AI-
driven data engineering, public health organizations may increase their preparation and 
reaction to future health risks, protecting people and boosting global health security. 
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