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Infectious diseases remains as one of the major public health concerns worldwide. 
The continuous emergence of new pathogens, rapid pathogen evolution, and 
environmental changes has increased the population mobility. Meanwhile, the 
antimicrobial resistance has made disease prevention and control more challenging. 
Conventional surveillance systems mainly depend on clinical reports and laboratory 
confirmation. These approaches often delay outbreak detection and public health 
response. Recent advances in big data analytics have improved the infectious disease 
surveillance by enabling the analysis of large health related datasets. Information 
collected from electronic health records, laboratory databases, pathogen genome 
sequencing, environmental monitoring, mobile health technologies, and digital 
platforms provides valuable insights into disease transmission and outbreak 
patterns. Artificial intelligence supports the analysis of these complex datasets and 
improve outbreak prediction. Precision public health further strengthens disease 
surveillance by integrating epidemiological, genomic, environmental, and social 
data. This approach helps to identify the high risk populations and supports targeted 
intervention strategies. Despite these advantages, several challenges include poor 
data quality, privacy concerns, algorithmic bias, limited interoperability, and unequal 
access to digital technologies. Addressing these limitations through standardized 
data management, ethical governance, and international collaboration will improve 
surveillance systems and strengthen preparedness against current and emerging 
infectious disease threats.
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1. Introduction
Infectious diseases remains as one of the major challenges 

to global healthcare. Continuous advances in medicine and 
vaccination have reduced the burden of many infectious 
diseases. However, new infectious pathogens continue to 
emerge in different parts of the world (Bloom & Cadarette, 
2019). Antimicrobial resistance has further increased the 
burden of infectious diseases. Rapid population movement 
allows pathogens to spread across countries. Urbanization 
also influences disease transmission. Environmental changes 
and increased interaction between humans and wildlife create 
favorable conditions for the emergence of infectious diseases. 
Recent outbreaks of COVID-19, mpox, avian influenza, Ebola 
virus disease, and dengue fever have demonstrated the 
limitations of conventional surveillance systems (Chiu et al., 

2023; Kayembe-Mulumba et al., 2025). Most surveillance 
programs depend on laboratory confirmation and clinical 
reporting. These approaches often detect outbreaks only 
after community transmission has already occurred. Delayed 
detection reduces the effectiveness of disease control 
measures and increases healthcare and economic burdens. 
The rapid development of digital technologies has changed 
infectious disease surveillance. Large amounts of health 
related information are generated every day. Electronic 
health records are one of the major data sources. Laboratory 
information systems provide valuable clinical information. 
Pathogen genomic sequencing provides information 
about pathogen evolution. Mobile health applications and 
wearable devices generate continuous health related data. 
Environmental monitoring systems contribute information 
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about disease spread. Transportation networks provide 
mobility information. Social media platforms also provide 
useful signals related to disease activity (McClymont et al., 
2024). These datasets improve the understanding of disease 
transmission and outbreak patterns. They also support near 
real time disease surveillance.

Big data analytics has become an important component 
of modern infectious disease surveillance (Garattini et 
al., 2019). Artificial intelligence improves the analysis 
of complex datasets. Machine learning supports disease 
prediction and risk assessment. Deep learning identifies 
hidden patterns within large datasets. Natural language 
processing extracts useful information from clinical records 
and online reports. Network analysis helps to identify 
disease transmission pathways. Cloud computing supports 
rapid processing of large datasets. These computational 
approaches improve outbreak detection and public health 
decision making. During the COVID 19 pandemic, several 
countries combined mobility data, genomic surveillance, 
wastewater monitoring, and electronic health records to 
monitor disease transmission. These studies demonstrated 
the value of data driven surveillance during public health 
emergencies (Nuha et al., 2025). Disease transmission 
does not occur equally across all populations. Individuals 
differ in their genetic background, immune status, age, 
environmental exposure, healthcare accessibility, and 
socioeconomic conditions. Precision public health was 
introduced to address these differences. This approach 
combines epidemiological information with genomic, 
environmental, demographic, geographic, and social data. 
The integrated analysis identifies populations with a greater 
risk of infection. It also supports targeted prevention 
strategies and efficient healthcare resource allocation. 
Whole genome sequencing has further improved infectious 
disease surveillance (Struelens et al., 2024). It identifies 
transmission chains and monitors pathogen evolution. It 
also detects antimicrobial resistance genes and emerging 
variants. The combination of genomic information 
with clinical and environmental data provides a better 
understanding of disease dynamics. Several challenges 
continue to limit the application of big data analytics 
in public health. Data quality differs among healthcare 
systems. Missing information reduces analytical accuracy. 
Limited interoperability affects data integration. Privacy 
concerns and algorithmic bias also remain important issues. 
Many low and middle income countries have limited digital 
infrastructure and computational resources. Standardized 
data collection, secure data sharing, transparent analytical 
methods, and multidisciplinary collaboration will improve 
future surveillance systems. This review summarizes 
recent advances in big data analytics and precision public 
health for infectious disease surveillance. It discusses 
major data sources and computational approaches used for 
disease detection and prediction. It also describes recent 
applications during infectious disease outbreaks. Current 

implementation challenges, ethical considerations, and 
future research directions are also discussed. These 
developments may contribute to the design of intelligent 
surveillance systems that support early outbreak detection 
and improve public health preparedness.

2. Evolution of Infectious Disease Surveillance
The surveillance of infectious diseases has changed 

considerably over the past several decades. Earlier 
surveillance systems mainly depended on manual 
reporting by healthcare professionals. Suspected cases 
were confirmed through laboratory testing and reported to 
public health authorities. These systems helped establish 
national disease notification programs and supported 
the control of several infectious diseases. However, data 
collection and analysis required considerable time. In 
many situations, several days or weeks were required 
before an outbreak was recognized. Such delays affected 
the rapid implementation of control measures during 
infectious disease emergencies. Traditional surveillance 
systems were mainly based on information collected from 
hospitals, diagnostic laboratories, outpatient clinics, and 
community healthcare centers (Abat et al., 2016). The 
collected information included patient demographics, 
clinical findings, laboratory results, and mortality records. 
These data provided important information about disease 
patterns. However, conventional surveillance systems had 
several limitations. Many asymptomatic infections and 
mild cases were not identified because individuals did 
not seek medical care. Differences in reporting practices 
among healthcare facilities also affected the accuracy of 
disease monitoring.

Despite these limitations, conventional surveillance 
contributed significantly to public health achievements. 
Continuous disease monitoring supported the global 
eradication of smallpox. It also contributed to the reduction 
of poliomyelitis in many regions. National surveillance 
programs improved the control of tuberculosis, measles, 
cholera, and other communicable diseases (Mwengee et 
al., 2016; Sparrow et al., 2024). These programs provided 
essential information for vaccination strategies and disease 
control activities. However, globalization and increased 
population movement created new challenges. Infectious 
pathogens can now spread rapidly across geographical 
boundaries. This situation increased the importance of 
early outbreak detection. The development of digital health 
technologies introduced new possibilities for improving 
disease surveillance. Electronic health records replaced 
many paper-based reporting systems. They allowed clinical 
information to be stored and shared in a standardized 
digital format. Healthcare data generated during routine 
patient care became available for epidemiological analysis. 
Laboratory information systems further improved 
surveillance by enabling rapid transmission of diagnostic 
results. These changes reduced reporting delays and 
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improved the quality of disease information. The expansion 
of internet-based technologies created additional sources of 
health information. People increasingly searched online for 
disease symptoms and shared health-related information 
through digital platforms (Yang et al., 2015). Although 
these data were not originally collected for public health 
purposes, they provided useful information about changing 
disease patterns. Analysis of online search behavior helped 
identify early signals of influenza outbreaks and other 
infectious diseases. This approach contributed to the 
development of digital epidemiology. Digital epidemiology 
uses information from online sources to complement 
traditional surveillance systems (Kostkova et al., 2021). 
Mobile technologies further expanded the ability to monitor 
infectious diseases. Smartphones and wearable devices 
generate continuous health-related information. These 
technologies can provide data related to symptoms, body 
temperature, location patterns, and healthcare utilization. 
Mobile applications developed during infectious disease 
outbreaks improved communication between health 
authorities and the public. They supported symptom 
reporting, exposure notification, vaccination records, and 
contact tracing activities. During the COVID-19 pandemic, 
mobile-based surveillance systems were widely used in 
several countries to monitor disease transmission (Shen 
et al., 2021). Genomic sequencing has also transformed 
infectious disease surveillance. Conventional laboratory 
methods mainly confirm the presence of pathogens. Whole 
genome sequencing provides additional information about 
genetic changes, transmission patterns, and antimicrobial 
resistance. This approach became particularly important 
during the COVID-19 pandemic. Continuous sequencing 
of SARS-CoV-2 samples enabled researchers to identify 
emerging variants and monitor their spread (Gangavarapu 
et al., 2023a). Similar genomic approaches are now applied 
for influenza viruses, tuberculosis, bacterial infections, and 
antimicrobial-resistant organisms.

Environmental surveillance has become another 
important component of modern disease monitoring. 
Wastewater-based epidemiology received significant 
attention during the COVID-19 pandemic. Detection of viral 
genetic material in wastewater provided early information 
about community infection trends. This approach allowed 
public health authorities to monitor disease patterns 
without testing every individual (Polo et al., 2020). 
Environmental surveillance is also used for monitoring 
poliovirus, antimicrobial resistance markers, and other 
pathogens present in human communities. Geospatial 
technologies have further improved infectious disease 
surveillance. Geographic information systems, satellite 
imaging, and climate monitoring provide information about 
environmental factors associated with disease transmission 
(Kamel Boulos & Geraghty, 2020). Temperature, rainfall, 
humidity, and land conditions influence the spread of 
several vector-borne diseases. Integrating environmental 

information with epidemiological data helps identify high-
risk regions. It also supports better planning of disease 
prevention strategies. The availability of large-scale digital 
health data has accelerated the use of artificial intelligence 
in infectious disease surveillance. Traditional statistical 
methods are useful for analyzing structured datasets. 
However, they are limited when handling large and 
complex information generated from multiple sources. 
Machine learning and deep learning approaches can 
identify patterns within large datasets. These methods 
support outbreak prediction, disease risk assessment, 
transmission analysis, and public health decision-making. 
The COVID-19 pandemic represented an important 
stage in the development of integrated surveillance 
systems. Multiple data sources were combined to monitor 
disease transmission (Ibrahim et al., 2022; Najafabadi 
et al., 2015). These included electronic health records, 
genomic sequencing, laboratory databases, wastewater 
monitoring, mobility information, and vaccination records. 
The integration of these sources provided a broader 
understanding of disease dynamics. However, the pandemic 
also revealed several challenges. Data privacy concerns, 
limited data sharing, inconsistent reporting systems, 
and unequal digital infrastructure affected surveillance 
efficiency. The next advancement in infectious disease 
surveillance is represented by precision public health. 
Traditional surveillance mainly describes disease patterns 
at the population level. Precision public health focuses 
on identifying populations with increased disease risk. 
It integrates epidemiological information with genomic, 
environmental, behavioral, and socioeconomic data. 
This approach allows public health authorities to design 
targeted interventions (Roberts et al., 2024). Vaccination 
strategies, preventive measures, and healthcare resources 
can be directed toward populations that require them 
most. Modern infectious disease surveillance has therefore 
progressed from passive reporting systems to intelligent 
data-driven platforms. Digital health technologies, 
genomic surveillance, environmental monitoring, artificial 
intelligence, and precision public health have improved the 
ability to detect and respond to infectious disease threats. 
Future improvements in data integration, analytical 
methods, and international collaboration will further 
strengthen surveillance systems. These developments will 
be essential for improving preparedness against emerging 
infectious disease outbreaks.

3. Big Data Sources in Infectious Disease Surveillance
Modern infectious disease surveillance depends 

on information obtained from multiple sources. The 
availability of large scale health data has changed the 
way disease transmission is monitored and predicted. 
Traditional surveillance systems mainly rely on confirmed 
clinical cases. However, big data based surveillance 
combines information from healthcare systems, digital 
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platforms, environmental monitoring, and population based 
technologies. These different sources provide valuable 
information about pathogen spread, disease patterns, 
and population risk. The integration of multiple datasets 
improves the ability to identify early disease signals and 
support outbreak prediction (Figure 1).

3.1 Electronic Health Records and Clinical Data
Electronic health records (EHRs) represent one of the 

major sources of clinical information for infectious disease 
surveillance. The conversion of medical records from 
paper based systems to digital platforms has increased the 
availability of patient related data. EHRs contain information 
about patient characteristics, symptoms, laboratory results, 
diagnosis, treatment history, hospitalization, and clinical 
outcomes (Willis et al., 2019). These data help researchers 
understand disease severity, healthcare utilization, and 
patient risk factors. EHR based surveillance can identify 
unusual patterns within healthcare settings. An increase 
in patients with similar symptoms may indicate the early 
stage of an outbreak. Machine learning methods have been 
applied to EHR datasets to predict disease severity and 
identify patients at higher risk of complications. During the 
COVID 19 pandemic, EHR analysis helped identify important 
risk factors associated with severe infection (Satterfield 
et al., 2021; Sheikhtaheri et al., 2024). However, EHR data 
are mainly collected for patient care rather than disease 
surveillance. Differences in documentation methods and 
missing clinical information can affect data quality. Variation 
between healthcare systems also creates challenges in 
data integration. Standardized data formats and improved 
interoperability are required to improve the use of EHRs in 
infectious disease surveillance.

3.2 Laboratory and Diagnostic Data
Laboratory information provides the foundation 

for infectious disease detection. Diagnostic laboratories 
generate large amounts of data through molecular testing, 
antigen detection, serological analysis, and microbial 
identification. These data provide direct evidence of 
pathogen presence and infection trends. The integration of 
laboratory information systems with public health databases 
improves real time disease monitoring. During the COVID 
19 pandemic, laboratory testing data helped determine 
infection rates and geographical patterns (Khan et al., 2023). 
Microbiology laboratory data also support antimicrobial 
resistance surveillance by monitoring changes in bacterial 
susceptibility patterns. Advances in genomic technologies 
have further expanded the role of laboratory surveillance. 
Whole genome sequencing provides information about 
pathogen evolution, transmission routes, and resistance 
associated genetic changes (Baker et al., 2018). Combining 
genomic information with epidemiological data improves 
outbreak investigation and helps identify infection sources.

3.3 Pathogen Genomic Data and Molecular Epidemiology
Pathogen genomic surveillance has transformed 

infectious disease monitoring. Next generation sequencing 
technologies have increased the ability to generate large 
genomic datasets at lower cost. These data provide 
information about pathogen diversity, genetic changes, and 
evolutionary patterns. During the SARS CoV 2 pandemic, 
genomic databases allowed researchers to monitor viral 
variants and evaluate their impact on disease transmission. 
Similar approaches are now used for influenza surveillance, 
tuberculosis investigation, and detection of antimicrobial 
resistant organisms (Tiwari et al., 2025; Wilkinson et al., 
2021). Genomic information combined with clinical and 
geographical data supports precision epidemiology. Despite 
its advantages, genomic surveillance requires advanced 
computational facilities and trained personnel. The analysis 
and interpretation of large genomic datasets remain 
important challenges for many healthcare systems.

3.4 Mobile Health Data and Wearable Technologies
Mobile health technologies have created new 

opportunities for collecting health information directly from 
populations. Smartphones and wearable devices generate 
continuous data related to symptoms, body temperature, 
physical activity, location, and healthcare behavior (Ng et 
al., 2018). These data provide additional information that 
complements traditional surveillance systems. Mobile 
applications developed during infectious disease outbreaks 
supported symptom reporting, exposure notification, 
and public health communication. During the COVID 19 
pandemic, digital contact tracing applications were used 
in several countries to identify possible exposure events 
(Nachega et al., 2020). Wearable devices have also been 
investigated for detecting early physiological changes 
associated with infection. However, the use of mobile health 
data requires careful management of privacy and consent 
issues. Public acceptance depends on secure data handling 
and transparent policies.

3.5 Social Media and Internet Based Data
Social media and internet platforms have become 

important sources of digital epidemiological information. 
People frequently share health concerns, symptoms, and 
information about disease outbreaks through online 
platforms. These data can provide early indications of 
changes in community health patterns. Artificial intelligence 
and natural language processing methods are used to 
analyze online information. These approaches can identify 
disease related discussions and detect unusual increases 
in health concerns. Internet search patterns have also been 
explored for monitoring influenza and COVID 19 activity (Ma 
et al., 2022). However, online information can be affected 
by media attention and misinformation. Therefore, digital 
signals require validation with traditional epidemiological 
data before being used for public health decisions.
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3.6 Environmental and Wastewater Surveillance

Environmental surveillance provides additional 
information about pathogen circulation in communities. 
Wastewater based epidemiology has become an important 
approach for monitoring infectious diseases. Pathogen 
genetic material released through biological waste can 
be detected in wastewater samples. During the COVID 19 
pandemic, wastewater monitoring provided early indications 
of increasing infection levels before clinical cases increased 
(Bogler et al., 2020; Gahlot et al., 2023). This approach is 
also being explored for poliovirus monitoring, antimicrobial 
resistance detection, and surveillance of gastrointestinal 
pathogens. Environmental factors also influence infectious 
disease transmission. Climate conditions such as 
temperature, rainfall, and humidity affect the distribution 
of several vector borne diseases. Combining environmental 
information with disease data improves prediction models 
for infections such as malaria and dengue.

3.7 Geospatial and Mobility Data
Geospatial technologies provide important information 

about the distribution and movement of infectious diseases. 
Geographic information systems, satellite data, and mobility 
information help identify patterns of disease spread. Human 
movement plays an important role in pathogen transmission. 
Mobility data obtained from transportation systems and 
mobile networks have been used to evaluate the effects of 
travel restrictions and social distancing measures (Bogler et 
al., 2020). Spatial models can identify regions with increased 

outbreak risk and support healthcare resource planning. 
Although mobility data are valuable for surveillance, 
privacy protection remains essential. Appropriate 
regulations are required to prevent misuse of personal 
location information.

3.8 Integration of Multi Source Data for Precision 
Surveillance

The major advantage of big data surveillance is the 
ability to combine information from different sources. 
Clinical data provide information about patients. 
Genomic data describe pathogen changes. Environmental 
data explain external risk factors. Mobility data reveal 
transmission patterns. The integration of these datasets 
provides a comprehensive understanding of infectious 
disease dynamics. Artificial intelligence and machine 
learning approaches help analyze these complex datasets 
and generate useful information for public health decisions. 
Combining climate information with vector surveillance 
can improve outbreak prediction. Linking genomic data 
with mobility patterns can help identify transmission 
pathways. Future infectious disease surveillance will 
depend on secure and effective integration of multiple data 
sources. Standardized data sharing systems, improved 
analytical methods, and international collaboration will be 
important for developing reliable surveillance platforms. 
These advances will strengthen outbreak prediction, 
prevention, and response strategies.

Figure 1. Data ecosystem for precision infectious disease surveillance. This figure categorizes big data inputs into eight do-
mains: clinical records, laboratory diagnostics, pathogen genomics, mobile/wearable sensors, online/social media signals, 
environmental/wastewater monitors, geospatial/mobility tracking, and their integrative AI-driven fusion. Each domain is 
represented with its constituent sub-variables. The integrated output enables early outbreak signal detection, real-time risk 

stratification, and data-guided public health decision-making.
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4. Big Data Analytics Techniques for Infectious Disease 
Detection and Prediction

The increasing availability of digital health information 
has created new opportunities for improving infectious 
disease surveillance. Traditional epidemiological approaches 
mainly depend on historical disease records and established 
risk factors. These methods provide important information 
about disease patterns. However, they have limitations 
when analyzing large datasets generated from clinical, 
environmental, genomic, and behavioral sources. Infectious 
disease transmission involves multiple factors that change 
continuously over time. Big data analytics provides advanced 
computational methods to analyze these complex datasets. 
The application of artificial intelligence, machine learning, 
deep learning, natural language processing, and network 
analysis has improved the ability to detect disease signals 
and predict outbreak patterns (Table 1).

4.1 Artificial Intelligence in Infectious Disease 
Surveillance

Artificial intelligence (AI) has become an important tool 
in modern infectious disease surveillance. AI systems can 
analyze large amounts of information within a short period. 
These systems identify relationships between different 
variables that may not be detected using conventional 
methods. AI applications include outbreak detection, 
disease prediction, risk assessment, and support for public 
health decisions. AI models use information obtained from 
electronic health records, laboratory reports, genomic 
databases, environmental monitoring systems, and digital 
platforms. The integration of these data sources allows AI 
algorithms to identify unusual disease patterns. Changes 
in healthcare visits, symptom reports, and laboratory-
confirmed cases can provide early indications of increasing 
disease activity. During the COVID-19 pandemic, AI-based 
approaches were widely used for predicting infection trends 
and identifying high-risk populations. Machine learning 
models helped estimate disease severity and hospitalization 
risk using clinical and demographic information. AI-based 
genomic analysis also supported the identification of viral 
mutations and emerging variants (Kaur et al., 2021; Sharma 
et al., 2026). However, the accuracy of AI systems depends on 
the quality of available data. Missing information, reporting 
differences, and unequal healthcare infrastructure can 
affect model performance. Therefore, AI-based predictions 
should support public health decisions rather than replace 
epidemiological knowledge.

4.2 Machine Learning Approaches for Disease Prediction
Machine learning (ML) is one of the most commonly 

applied approaches in infectious disease surveillance. 
Unlike traditional statistical methods, ML algorithms can 
identify patterns directly from large datasets. These models 
improve their performance by learning from previous data. 
This ability makes them useful for analyzing continuously 

changing infectious disease patterns. Supervised learning 
methods such as random forest, support vector machines, 
logistic regression, and gradient boosting have been applied 
for disease classification and risk prediction (Delpino 
et al., 2022; Omar et al., 2024). These models have been 
used to predict hospitalization, mortality, and disease 
severity. Clinical information and laboratory parameters 
are commonly used to identify patients at increased risk of 
severe infection. Unsupervised learning methods provide 
additional advantages in disease surveillance. These 
approaches identify hidden patterns without predefined 
categories. Clustering techniques can group patients with 
similar clinical features. They can also identify geographical 
areas with similar transmission characteristics. This 
approach is useful during emerging outbreaks where limited 
information is available. Reinforcement learning has recently 
gained attention for optimizing public health strategies. 
These models evaluate previous decisions and outcomes to 
identify effective intervention approaches (Frommeyer et al., 
2025). Applications include vaccine distribution, healthcare 
resource allocation, and outbreak control planning. However, 
careful evaluation is required because these decisions can 
influence large populations.

4.3 Deep Learning for Complex Surveillance Data
Deep learning is an advanced form of machine learning 

that uses artificial neural networks to analyze complex 
datasets. These models can identify important features 
directly from raw information. This ability has increased 
their application in genomic analysis, medical imaging, 
clinical data interpretation, and disease forecasting. 
Convolutional neural networks (CNNs) are widely used for 
infectious disease diagnosis through medical imaging (Narin 
et al., 2021). These models can identify infection-related 
patterns in chest radiographs and computed tomography 
images. Deep learning-based imaging systems have shown 
potential for rapid screening of respiratory infections. 
Recurrent neural networks (RNNs) and transformer-based 
models are used for analyzing time-dependent disease 
information. Infectious diseases change continuously due 
to seasonal variation, population behavior, and pathogen 
evolution. Deep learning models can analyze these changes 
and predict future disease trends. Long short-term memory 
networks have been applied for forecasting influenza activity 
and COVID-19 case patterns. Deep learning also supports 
pathogen genomic surveillance. Neural network models 
can identify genetic variations and classify pathogen strains 
(Zhu et al., 2024). However, these approaches require large 
datasets and advanced computational resources. The lack of 
transparency in model decisions remains a major limitation 
in clinical and public health applications.

4.4 Natural Language Processing for Digital Epidemiology
Natural language processing (NLP) enables computers 

to analyze human language-based information. It has become 
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useful for extracting health information from unstructured 
sources. These sources include scientific publications, 
electronic health records, social media platforms, and 
online news reports. A large amount of health information 
is available in text format. NLP algorithms can identify 
disease-related terms, symptoms, locations, and outbreak 
information from these sources. This approach supports early 
detection of emerging health concerns. During the COVID-19 
pandemic, NLP-based systems were used to analyze online 
discussions and identify changes in public health concerns 
(Al-Garadi et al., 2022; Fatima et al., 2022). Automated 
analysis of scientific literature also helped researchers track 
developments in viral research, treatments, and vaccines. 
However, digital information can contain misinformation 
and incomplete descriptions. Therefore, NLP-based findings 
require confirmation using reliable epidemiological data.

4.5 Predictive Modeling and Disease Forecasting
Predictive modeling is an important application 

of big data analytics in infectious disease surveillance. 
These models use previous and current information to 
estimate future disease trends. Early predictions allow 
health authorities to prepare preventive strategies before 
outbreaks become severe. Traditional time-series models 
have been widely used for disease forecasting. Recent 
approaches combine statistical methods with machine 
learning techniques. These models consider infection 
rates, vaccination coverage, climate conditions, population 

movement, and healthcare utilization (Kraemer et al., 2025). 
Predictive models have been developed for diseases such 
as influenza, malaria, dengue, tuberculosis, and COVID-19. 
Environmental factors are particularly important for vector-
borne diseases because temperature and rainfall influence 
pathogen transmission. Mobility patterns are also important 
for respiratory infections because human interaction affects 
disease spread. Despite improvements, disease prediction 
remains challenging. Pathogen evolution, behavioral changes, 
and policy interventions can influence disease patterns. 
Continuous model updating and validation are therefore 
necessary.

4.6 Network Analysis for Disease Transmission
Network analysis provides a framework for 

understanding infectious disease transmission. It represents 
individuals or locations as connected networks. These 
connections help identify transmission pathways and high-
risk clusters. Social network analysis has been used to study 
population interactions and identify individuals who may 
contribute to disease spread. During COVID-19, network 
models helped evaluate the effects of travel restrictions and 
social distancing measures (Le et al., 2022). Network analysis 
is also valuable in antimicrobial resistance surveillance. 
It can identify transmission patterns between healthcare 
facilities and patients. However, incomplete interaction data 
and privacy concerns remain important challenges.

Table 1: Comparative framework for selecting big data analytics approaches in infectious disease surveillance

Analytical 
approach

Most suitable 
surveillance 
situation

Main data 
requirement

Typical analytical 
output

Preferred 
validation 
approach

Practical 

Artificial 
intelligence

Large 
surveillance 
systems 
requiring 
automated 
decision support

Well structured 
multi source 
datasets

Risk scores and 
alerts and decision 
support indicators

Retrospective 
testing followed 
by prospective 
evaluation

High

Machine learning Prediction 
of disease 
outcomes or 
population risk

Labelled 
clinical and 
epidemiological 
datasets

Classification or 
prediction scores

Cross validation 
and external 
dataset testing

High

Deep learning Very large 
datasets with 
complex 
patterns

High volume 
imaging or 
sequence or 
temporal data

Automated feature 
representation 
and prediction

Independent 
test datasets and 
repeated validation

Moderate to 
high

Natural language 
processing

Surveillance 
based on 
unstructured 
text

Clinical notes and 
online reports 
and public health 
documents

Extracted disease 
signals and event 
information

Manual annotation 
and agreement 
assessment

Moderate
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5. Precision Public Health Applications in Infectious 
Disease Control

Precision public health has emerged as an advanced 
approach for improving infectious disease prevention 
and control. Traditional public health strategies generally 
apply similar interventions to entire populations. These 
strategies include mass vaccination programs, general 
awareness campaigns, and universal screening approaches. 
Although these methods have successfully reduced the 
burden of many infectious diseases, they do not always 
consider differences between populations. Factors such as 
genetic background, environmental exposure, healthcare 
accessibility, and social conditions can influence infection 
risk. Precision public health addresses these variations 
by combining large-scale health information with 
advanced analytical methods (Velmovitsky et al., 2021). 
This approach helps identify high-risk populations and 
supports targeted disease control strategies. The success 
of precision public health depends on the integration 
of multiple data sources. These include clinical records, 
pathogen genomic information, environmental factors, 
demographic characteristics, mobility patterns, and 
socioeconomic conditions. The analysis of these datasets 
provides a detailed understanding of disease emergence 
and transmission. It also allows healthcare authorities to 
design interventions according to specific population needs 
rather than applying the same strategy everywhere.

5.1 Precision Surveillance for Early Outbreak Detection
Early detection is one of the major applications of 

precision public health. Conventional surveillance systems 
usually identify outbreaks after infected individuals 
seek medical care. This delay can allow pathogens to 

spread within communities before control measures 
are implemented. Precision surveillance improves 
early detection by integrating multiple real-time data 
sources. Electronic health records, laboratory reports, 
wastewater monitoring, and digital health platforms 
provide continuous information about disease activity. 
Artificial intelligence models can analyze these data and 
identify unusual changes in disease patterns. For example, 
increases in respiratory symptoms, changes in online 
health searches, and pathogen detection in wastewater 
can provide early indications of infection trends. Precision 
surveillance also improves localized outbreak monitoring 
(Li et al., 2026). Instead of analyzing disease patterns only 
at national or regional levels, advanced analytical systems 
can identify specific communities or geographic areas with 
increased infection risk. This approach allows targeted 
interventions and reduces unnecessary restrictions in 
low-risk populations.

5.2 Genomic-Guided Infectious Disease Control
Pathogen genomic information has become an 

important component of precision public health. Whole 
genome sequencing provides detailed information about 
pathogen evolution and transmission patterns. It also 
helps identify genetic changes associated with increased 
transmissibility, immune escape, and antimicrobial 
resistance. During the COVID-19 pandemic, genomic 
surveillance played a major role in identifying SARS-CoV-2 
variants (Gangavarapu et al., 2023b; Robishaw et al., 
2021). Sequencing data helped researchers understand 
whether changes in infection rates were related to new 
variants or changes in population behavior. Similar 
genomic approaches are now used for influenza viruses, 
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tuberculosis, malaria parasites, and bacterial pathogens. 
Genomic surveillance is particularly valuable for controlling 
antimicrobial resistance. Conventional methods often 
detect resistance after treatment failure occurs. Genomic 
analysis can identify resistance-associated genes at an early 
stage. Combining genomic data with healthcare records 
helps identify transmission pathways within hospitals and 
communities. This information supports targeted infection 
control measures.

5.3 Targeted Vaccination Strategies
Precision public health can improve vaccination 

strategies by identifying populations with increased 
infection risk. Traditional vaccination programs often 
depend on age groups or geographic locations. However, 
infection risk can vary between individuals within the 
same population. Precision vaccination approaches use 
information related to disease exposure, immune status, 
demographic characteristics, and pathogen changes (Soni et 
al., 2020). These data help identify populations that require 
priority vaccination during outbreaks. Healthcare workers, 
elderly individuals, immunocompromised populations, and 
highly exposed communities can be identified through risk 
assessment models. Artificial intelligence-based approaches 
are also being explored to predict vaccine response. These 
models consider previous infection history, immune 
characteristics, and clinical conditions. Such strategies may 
improve vaccine effectiveness, particularly for diseases 
where immunity decreases over time or pathogen variants 
influence protection.

5.4 Precision Approaches for Antimicrobial Resistance 
Surveillance

Antimicrobial resistance is a major global health 
concern. Resistant pathogens reduce the effectiveness of 
commonly used treatments and increase disease burden. 
Traditional surveillance methods often depend on laboratory 
confirmation after bacterial isolation. This process may delay 
the detection of emerging resistance patterns. Precision 
public health integrates genomic surveillance with clinical 
information and antimicrobial usage data. This approach 
allows early identification of resistance-associated changes. 
It also helps identify healthcare facilities and communities 
with increased resistance risk. Machine learning models 
have been developed to predict antimicrobial resistance 
using patient information, previous medication exposure, 
and microbiological data (Pennisi et al., 2025). These 
approaches may support better treatment decisions and 
reduce unnecessary antimicrobial use. The combination of 
precision surveillance and antimicrobial stewardship can 
improve control of resistant infections.

5.5 Precision Management of Vector-Borne Diseases
Vector-borne diseases are strongly influenced by 

environmental conditions. Diseases such as malaria, 

dengue fever, chikungunya, and Zika virus infection show 
seasonal and geographic variation. Uniform control 
strategies may not be effective in all regions. Precision public 
health combines climate information, satellite data, vector 
surveillance, and epidemiological records to predict disease 
risk. Environmental factors such as temperature, rainfall, and 
vegetation changes influence vector populations. Including 
these factors in predictive models improves outbreak 
forecasting. These approaches help health authorities 
implement targeted control measures. Vector control 
activities, diagnostic services, and preventive interventions 
can be directed toward high-risk areas. For example, malaria 
control programs use geographic and epidemiological 
information to prioritize communities requiring preventive 
measures (López-Monteon et al., 2026).

6. Challenges and Ethical Considerations in Big Data-
Driven Infectious Disease Surveillance

Although big data analytics has improved infectious 
disease surveillance, several challenges limit its effective 
implementation. The success of these systems depends mainly 
on the quality and reliability of the data used for analysis. 
Modern surveillance platforms collect information from 
different sources such as electronic health records, laboratory 
databases, genomic sequencing systems, mobile applications, 
environmental monitoring, and digital platforms. However, 
these datasets often differ in their accuracy, format, and 
reporting methods. Electronic health records may contain 
incomplete clinical information. Laboratory surveillance 
may fail to identify infections in regions with limited 
diagnostic facilities. Digital sources such as social media data 
may represent public behavior rather than actual disease 
occurrence. These limitations can influence the accuracy of 
analytical models and may affect public health decisions. 
Therefore, improving data standardization and establishing 
reliable data management systems are essential for effective 
surveillance. The integration of multiple data sources remains 
another important limitation. Health records, genomic 
information, environmental data, and mobility patterns are 
usually collected and maintained by different organizations. 
The absence of common data formats and limited 
communication between systems can reduce the efficiency 
of data sharing. Developing interoperable platforms will help 
connect healthcare institutions, research centers, and public 
health agencies. Such integration is necessary for generating 
comprehensive models that can accurately represent disease 
transmission patterns.

The use of large-scale health data also raises important 
concerns related to privacy and security. Infectious disease 
surveillance systems may involve sensitive information 
including medical records, genetic information, geographic 
location, and personal behavior. Although these data provide 
valuable insights into disease spread, improper handling may 
compromise individual privacy. Secure storage systems, data 
encryption, controlled access, and clear governance policies 
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are required to ensure responsible use of health information. 
Ethical issues associated with artificial intelligence based 
surveillance also require careful consideration. Machine 
learning models depend on the quality of training datasets. 
If these datasets contain population bias or incomplete 
information, the resulting predictions may not accurately 
represent all communities. For example, populations 
with limited healthcare access may appear to have lower 
infection rates because of reduced testing rather than lower 
disease risk. Similarly, digital surveillance methods based 
on smartphones or internet access may exclude individuals 
living in areas with poor digital infrastructure. Such 
limitations may increase existing health inequalities. The 
digital divide remains a major barrier, particularly in low 
and middle income countries. Limited access to advanced 
healthcare infrastructure, computational resources, and 
trained personnel can restrict the adoption of big data based 
surveillance systems. Expanding digital health infrastructure 
and strengthening technical capacity are important steps 
for achieving equitable implementation. Without these 
improvements, advanced surveillance technologies may 
benefit only regions with strong technological resources. 
Another challenge is the lack of transparency in complex 
artificial intelligence models. Deep learning systems can 
provide accurate predictions, but their decision-making 
processes are often difficult to understand. This limitation 
may reduce confidence among healthcare professionals and 
policymakers. The development of explainable artificial 
intelligence approaches can improve transparency and 
support responsible decision-making. Future infectious 
disease surveillance requires a balanced approach 
that combines technological advancement with ethical 
responsibility. Improving data quality, protecting privacy, 
reducing algorithmic bias, and strengthening international 
collaboration will be essential for developing reliable 
surveillance systems. Cooperation between epidemiologists, 
healthcare professionals, data scientists, policymakers, 
and communities will help overcome current limitations. 
Addressing these challenges will allow big data analytics and 
precision public health to support early outbreak detection, 
targeted interventions, and better preparedness for future 
infectious disease threats.

7. Conclusion
Big data analytics and precision public health have 

changed the approach of infectious disease surveillance. 
These technologies allow earlier identification of outbreaks 
and improve the prediction of disease trends. The use 
of clinical records, pathogen genomic information, 
environmental data, and digital health platforms provides 
valuable information about disease transmission and 
population risk factors. However, several limitations still 
affect the implementation of data-driven surveillance 
systems. Issues related to data accuracy, privacy 
protection, system integration, and unequal access to 

digital technologies need to be addressed. Improving data 
management strategies and developing ethical frameworks 
will be important for the successful application of these 
approaches. Future surveillance systems will depend on 
the effective combination of multiple data sources with 
advanced analytical methods. Artificial intelligence and 
machine learning approaches can further improve outbreak 
monitoring and support timely public health decisions. 
The integration of these technologies with conventional 
epidemiological methods may help develop more reliable 
surveillance platforms and improve global preparedness for 
future infectious disease challenges.
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