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Artificial Intelligence in Public Health This systematic review explores the transformative role of Artificial
Intelligence (Al) and Big Data analytics in enhancing public health
outcomes, focusing on key areas such as disease surveillance, resource
Disease Surveillance allocation, and personalized preventive healthcare. In the wake of
increasing healthcare challenges, the integration of Al technologies and Big
Data offers unprecedented opportunities for improving health monitoring,
Health Data Privacy early disease detection, and strategic resource management. Adhering to
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines, a comprehensive review was conducted across
Article Information multiple databases, resulting in an initial pool of 450 articles. After applying
rigorous inclusion and exclusion criteria, a total of 90 high-quality studies
were systematically analyzed. The findings demonstrate that Al models,
particularly those leveraging machine learning, significantly enhance the
early detection of outbreaks and optimize healthcare resource allocation,

Big Data Analytics

Predictive Healthcare
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Accepted: 14, November, 2024 especially during health crises like the COVID-19 pandemic. Additionally,
) the use of predictive analytics in personalized preventive healthcare has
Published: 17, November, 2024 shown promise in reducing the burden of chronic diseases by identifying at-

risk populations and tailoring interventions based on individual risk
profiles. However, challenges related to data quality, standardization, and

Doi: 10.70008/jmlideds.v1i01.50 ethical concerns continue to hinder the widespread adoption of these
technologies. The review emphasizes the need for interdisciplinary
collaboration and robust data governance frameworks to fully realize the
potential of Al and Big Data in public health. This study not only highlights
current advancements but also identifies gaps in research, offering insights
into future directions for integrating Al-driven solutions to strengthen
public health systems globally.

1 Introduction Alotaibi, 2020) . In the past decade, public health

systems have faced complex challenges, ranging from
The integration of Artificial Intelligence (Al) and Big chronic disease management to infectious disease
Data analytics has emerged as a transformative force in outbreaks (Benke & Benke, 2018). Al-powered
the field of public health, offering novel solutions for technologies, such as machine learning and natural
monitoring, predicting, and managing health outcomes  |anguage processing, enable the extraction of actionable
at both individual and population levels(Khan &  jnsights from vast volumes of health data, which include
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electronic health records (EHRS), social media content,
and sensor data (Wong et al., 2018). The ability to
rapidly analyze this diverse data helps healthcare
professionals to identify patterns and trends, thereby
enhancing disease prevention and control efforts (Zeng
et al., 2021). This paper systematically reviews the role
of Al and Big Data in transforming public health by
focusing on the current applications, challenges, and
potential improvements in health surveillance and
disease prevention.

Al's potential in public health surveillance has been
widely recognized for its capacity to predict and prevent
disease outbreaks by leveraging real-time data sources.
For example, during the COVID-19 pandemic, Al
models were effectively used to forecast infection rates
and allocate resources efficiently (Siddiqui et al., 2020).
Researchers have demonstrated that Al-driven analytics
can significantly enhance traditional epidemiological
methods by identifying hotspots and predicting the
spread of infectious diseases (Krittanawong et al.,
2019). Machine learning models, when combined with
Big Data, can provide more accurate forecasts and early
warnings of disease outbreaks, which are crucial for
timely interventions (Pilozzi & Huang, 2020). By
analyzing large datasets from hospitals, social media,

and other public sources, health agencies can detect
anomalies that signal the emergence of infectious
diseases, thus enabling proactive responses (Supriya &
Chattu, 2021).

Beyond disease surveillance, Al and Big Data analytics
have significant implications for preventive healthcare.
Al algorithms can identify at-risk populations by
analyzing factors such as demographics, social
determinants of health, and previous medical histories
(Bazel et al., 2021; Wang et al., 2019). Big Data
analytics can uncover hidden patterns related to lifestyle
diseases, such as diabetes and cardiovascular conditions,
allowing for personalized interventions (Duan et al.,
2013; Khan & Alotaibi, 2020). By leveraging predictive
analytics, healthcare providers can tailor prevention
strategies to specific communities, thereby reducing
healthcare disparities and promoting population health
(Benke & Benke, 2018). In addition, integrating Al into
public health strategies enhances the precision of
predictive models, leading to better patient outcomes
and optimized healthcare resource utilization (Wong et
al., 2018). Despite these advancements, there are
challenges associated with the use of Al and Big Data in
public health, particularly concerning data privacy and
security (Zeng et al., 2021). The large-scale collection

Figure 1: AI and Big Data in Public Health
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and analysis of personal health information raise ethical
concerns about confidentiality, data ownership, and
informed consent (Siddiqui et al., 2020). Furthermore,
the accuracy of Al models can be limited by data quality
issues, such as incomplete or biased datasets (Sharma et
al., 2019). Addressing these challenges requires robust
data governance frameworks and the development of
ethical guidelines to ensure that Al applications in
public health are used responsibly and transparently
(Darwish, 2018). The lack of standardized data formats
across different health systems also poses a barrier to the
seamless integration of Al technologies in public health
efforts (Simon, 2008). Moreover, the successful
implementation of Al and Big Data analytics in public
health depends on interdisciplinary collaboration
between technologists, healthcare professionals, and
policymakers (Fusco et al., 2020). For Al-driven
insights to translate into actionable health interventions,
there must be a strong focus on capacity-building and
training for public health practitioners (Almubark et al.,
2019). The integration of Al tools in public health
systems can only be effective if these technologies are
accompanied by appropriate policy frameworks that
address data security, privacy concerns, and the
equitable distribution of healthcare resources
(Sivaparthipan et al., 2019). Therefore, this systematic
review seeks to provide a comprehensive understanding
of how Al and Big Data are reshaping public health,
while also identifying the gaps in research and practice
that need to be addressed to fully harness the potential
of these technologies. The primary objective of this
systematic literature review is to explore the
applications and implications of Artificial Intelligence
(Al) and Big Data analytics in enhancing public health
surveillance, disease prevention, and personalized
healthcare interventions. By synthesizing existing
research, this review aims to identify how Al-driven
models can leverage vast data sources, such as
electronic health records (EHRs), social media data, and
wearable sensor data, to improve early detection of
outbreaks, optimize healthcare resources, and predict
patient outcomes. Additionally, the review seeks to
examine the challenges associated with implementing
Al technologies in public health, including data privacy,
ethical considerations, and technical barriers related to
data quality and standardization. The review also aims
to highlight the role of interdisciplinary collaboration
and policy frameworks necessary to successfully
integrate Al and Big Data solutions into public health

systems, thereby contributing to more efficient and
effective healthcare delivery. By addressing these
objectives, this paper aims to provide a comprehensive
understanding of the current landscape, identify existing
gaps, and propose future directions for research and
practice in Al-driven public health strategies.

2 Literature Review

The rapid advancements in Artificial Intelligence (Al)
and Big Data analytics have significantly transformed
public health practices, offering new methodologies for
disease surveillance, early detection, personalized
medicine, and efficient resource management. The
ability to leverage large-scale health data from various
sources, including electronic health records (EHRS),
social media, and real-time sensors, has provided public
health organizations with powerful tools to address
emerging health challenges. However, while the
integration of Al and Big Data into public health
promises substantial benefits, it also presents several
challenges, particularly related to data privacy, ethical
concerns, and the standardization of data sources. This
literature review systematically explores these
developments, providing a critical analysis of the
current state of research, applications, and gaps in the
use of Al and Big Data for public health initiatives. The
review is structured to provide a comprehensive
understanding of the transformative impact of these
technologies, while also addressing the barriers to their
widespread adoption and effective utilization.

2.1  Artificial Intelligence (Al)

The integration of Artificial Intelligence (Al) in public
health has garnered significant attention in recent years
due to its potential to revolutionize disease prevention,
health surveillance, and healthcare delivery. Al
technologies, particularly machine learning and deep
learning, have been utilized to analyze vast amounts of
health data to detect patterns and predict disease
outbreaks (Simon, 2008). For instance, during the
COVID-19 pandemic, Al algorithms were employed to
monitor the spread of infections, optimize resource
allocation, and improve patient outcomes (Fusco et al.,
2020). By analyzing diverse data sources, such as
electronic health records (EHRs), social media posts,
and geolocation data, Al has shown promise in
predicting the trajectory of disease outbreaks, allowing
for timely interventions (Almubark et al., 2019; Simon,
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2008). These capabilities have underscored the role of
Al in enhancing public health responses to both chronic
diseases and acute infectious diseases (Almubark et al.,
2019; Krittanawong et al., 2019). Beyond disease
surveillance, Al applications have been extended to
preventive healthcare and personalized medicine. Al-
driven predictive models can analyze demographic,
behavioral, and genetic data to identify at-risk
populations, enabling healthcare providers to develop
targeted intervention strategies (Saika et al., 2024;
Silveretal., 2017; Sohel etal., 2024; Uddin et al., 2024).
For example, Al algorithms have been used to assess
social determinants of health, which play a crucial role
in managing lifestyle-related conditions like diabetes
and cardiovascular diseases (Duan et al., 2013; Islam et
al., 2024; Istiak & Hwang, 2024; Istiak et al., 2023). By
leveraging machine learning techniques, healthcare
systems can create personalized prevention plans that
improve patient engagement and adherence to treatment
(Alam et al., 2024; Badhon et al., 2023; Tsui et al.,
2013). The adoption of Al in this domain has led to
better disease management outcomes and reduced
healthcare costs, particularly in resource-limited
settings (Ashrafuzzaman, 2024; Bazel et al.,, 2021;
Rahman et al., 2024; Rozony et al., 2024).

Despite its potential, the implementation of Al in public
health is not without challenges, particularly in terms of
data privacy and ethical considerations. The use of Al
requires access to large volumes of sensitive health data,
raising concerns about patient privacy and data security
(Supriya & Chattu, 2021). Studies have shown that
while Al can significantly enhance healthcare delivery,
the lack of robust data governance frameworks poses
risks to the confidentiality of personal health
information (Zeng et al., 2021). Additionally, biases in
Al algorithms due to incomplete or skewed datasets can
lead to inaccurate predictions, potentially exacerbating
health disparities among vulnerable populations
(Siddiqui et al., 2020). Addressing these concerns
requires the development of ethical guidelines and
policies that ensure transparency, accountability, and
equitable access to Al technologies (Sharma et al.,
2019). Interdisciplinary  collaboration  between
technologists, healthcare providers, and policymakers is
critical to overcoming the barriers to Al adoption in
public health. Successful implementation of Al requires
not only technological advancements but also a
comprehensive understanding of public health needs
and challenges (Fusco et al., 2020). Capacity building in
the form of training and education is necessary to equip

Figure 2: AI Applications in Public Health
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public health practitioners with the skills to effectively
use Al tools (S & Hassanien, 2020). Furthermore,
aligning Al initiatives with existing public health
frameworks can enhance the scalability and impact of
these technologies (Almubark et al., 2019). As the field
continues to evolve, future research must focus on
refining Al algorithms, ensuring data quality, and
developing policies that support the ethical use of Al in
public health contexts (Sivaparthipan et al., 2019).

2.2  The Emergence of Al and Big Data in Public
Health

The integration of Artificial Intelligence (Al) and Big
Data analytics in public health has witnessed substantial
growth over the past decade, fundamentally
transforming the way health data is collected, analyzed,
and utilized for population health management.
Historically, public health systems relied heavily on
manual data collection methods, which were time-
consuming and often lacked the granularity needed for
timely interventions (Krittanawong et al., 2019). The
introduction of Al technologies, particularly machine
learning and natural language processing, has enabled
the rapid analysis of vast health data sources, such as
electronic health records (EHRs) and social media feeds,
thereby enhancing the accuracy and efficiency of public
health surveillance (Kononenko, 2001). The shift
towards digital health technologies has allowed public
health organizations to implement more proactive
measures, moving from reactive disease management to
preventive strategies based on predictive analytics
(Silver et al., 2017).

Significant milestones have marked the adoption of Al
and Big Data in healthcare, particularly in the realm of
disease outbreak prediction and health crisis
management. For instance, during the COVID-19
pandemic, Al-driven models were extensively used to
forecast infection rates, optimize resource allocation,
and develop strategies for vaccine distribution (Sharma
et al., 2019; Zeng et al., 2021). Big Data analytics
enabled public health agencies to track real-time
infection trends by leveraging data from diverse sources
such as hospital records, mobility data, and online health
forums (Fusco et al., 2020; Simon, 2008). These
technological advancements have demonstrated how Al
can significantly improve the speed and precision of
public health responses, reducing the time required to
implement effective interventions and allocate resources

efficiently (Almubark et al., 2019; Sivaparthipan et al.,

Figure 3: AI and Big Data in Public Health (2020-2024)
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2019).

The growing importance of data-driven decision-
making in public health is evident in the widespread
adoption of Al and Big Data analytics for health policy
formulation, resource planning, and population health
monitoring (Krittanawong et al., 2019; Simon, 2008).
By analyzing large-scale datasets, health authorities can
identify patterns and trends that inform preventive
healthcare strategies and optimize resource distribution,
particularly in underserved communities (Almubark et
al., 2019; Krittanawong et al., 2019). Al algorithms,
when applied to Big Data, can reveal insights into social
determinants of health, allowing for targeted
interventions that address healthcare disparities (Fusco
et al., 2020; Kononenko, 2001). As a result, data-driven
strategies have become a cornerstone of modern public
health, enabling a shift from traditional epidemiological
methods to more predictive and personalized
approaches (Almubark et al., 2019). However, despite
these advancements, the integration of Al and Big Data
into public health systems faces several challenges,
including issues related to data privacy, ethical
concerns, and technological barriers (Sivaparthipan et
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al., 2019). The large-scale use of sensitive health
information ~ raises  questions  about  patient
confidentiality and data security, particularly when data
is shared across multiple platforms (Tsui et al., 2013).
Moreover, the effective implementation of these
technologies requires a multidisciplinary approach that
involves  collaboration  between  technologists,
healthcare professionals, and policymakers to ensure
that Al-driven solutions are aligned with ethical
standards and public health goals (Bazel et al., 2021). As
Al and Big Data continue to evolve, future research
should focus on developing frameworks that address
these challenges, ensuring that the benefits of
technological advancements are equitably distributed
across all segments of the population (Supriya & Chattu,
2021)

2.3 Al for Disease Surveillance and Outbreak
Prediction

The application of Artificial Intelligence (Al) in disease
surveillance and outbreak prediction has gained
considerable momentum, driven by the need for real-
time health monitoring and timely interventions.
Machine learning algorithms, particularly deep learning
and natural language processing, have been increasingly
employed to analyze diverse datasets such as electronic
health records (EHRs), social media posts, and
geolocation data to detect early signs of disease
outbreaks (Pilozzi & Huang, 2020). These Al-powered
systems can identify patterns and anomalies that signal
the emergence of infectious diseases, thereby allowing
health authorities to take proactive measures (Olivares
et al., 2020). For instance, Al algorithms can monitor
social media for keywords related to symptoms and
disease spread, which can serve as an early warning
system for emerging public health threats (Ghoniem,
2020). The ability to leverage Al for real-time disease
surveillance represents a significant advancement over
traditional methods that often rely on delayed reporting
and manual data analysis (Silver et al., 2017). Several
case studies have demonstrated the effectiveness of Al
in predicting outbreaks, particularly during the COVID-
19 pandemic. Al models were instrumental in
forecasting infection trends, which helped governments
and health organizations plan for resource allocation and
implement timely lockdown measures (Kononenko,
2001). For example, during the early stages of the
pandemic, Al-driven tools analyzed data from multiple
sources, including EHRSs, travel data, and news reports,

to predict the spread of COVID-19 in various regions
(Krittanawong et al., 2019). In another instance, Al was
used to track the spread of influenza by analyzing
Google search queries, which correlated with real-time

Figure 4: Enhancing Disease Surveillance with AI
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hospital admissions (Sivaparthipan et al., 2019). These
case studies illustrate how Al technologies can provide
timely insights, enabling authorities to act quickly to
contain outbreaks and mitigate their impact on public
health (Almubark et al., 2019).

One of the significant benefits of employing Al in
disease surveillance is its ability to enhance early
warning systems and predictive analytics. Traditional
surveillance systems are often limited by delays in data
collection and reporting, whereas Al algorithms can
process vast amounts of data almost instantaneously
(Simon, 2008). By continuously monitoring health
indicators from various sources, Al can detect potential
outbreaks before they escalate, providing critical lead
time for health agencies to mobilize resources and
implement preventive measures (Darwish, 2018).
Additionally, Al models can be trained to predict the
trajectory of infectious diseases, helping policymakers
design targeted interventions and allocate healthcare
resources more effectively (Sharma et al., 2019). This
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predictive capability is particularly valuable in
managing healthcare resources during pandemics,
where timely decision-making can save lives (Siddiqui
et al., 2020). However, despite the significant
advancements, the use of Al in disease surveillance is
not without challenges. Issues related to data privacy,
model accuracy, and the integration of Al systems into
existing public health infrastructure remain critical
barriers (Wong et al., 2018). The reliance on large
datasets raises concerns about the confidentiality of
sensitive health information, particularly when data is
sourced from social media or third-party platforms
(Benke & Benke, 2018). Additionally, the effectiveness
of Al models is contingent on the quality and
completeness of the data used, which can vary
significantly across regions and data sources (Khan &
Alotaibi, 2020). To fully realize the potential of Al in
disease surveillance, there is a need for standardized
protocols, robust data governance frameworks, and
interdisciplinary collaboration among technologists,
healthcare professionals, and policymakers (Duan et al.,
2013).

2.4 Big Data Analytics for Personalized Preventive
Healthcare

The application of Big Data analytics in personalized
preventive healthcare has become increasingly
prominent, particularly in identifying  at-risk
populations for chronic diseases. By analyzing large
volumes of health-related data, including electronic
health records (EHRs), genetic information, and
lifestyle factors, healthcare providers can gain insights
into the risk factors associated with chronic conditions
such as diabetes, cardiovascular disease, and obesity
(Khan & Alotaibi, 2020). These data-driven approaches
allow for the early identification of individuals who may
benefit from targeted preventive interventions, enabling
a shift from reactive to proactive healthcare (Benke &
Benke, 2018; Wong et al., 2018). For instance, Big Data

analytics can identify patients who are at a high risk of
developing hypertension based on their medical history,
lifestyle choices, and demographic data, thereby
allowing for early intervention strategies to prevent the
onset of disease (Alicino et al., 2015). Predictive
analytics, powered by Big Data, plays a crucial role in
designing personalized prevention strategies tailored to
the needs of specific populations. Advanced machine
learning models can analyze complex datasets to predict
the likelihood of disease onset in individuals, allowing
healthcare systems to allocate resources more
effectively (Raghupathi & Raghupathi, 2014). For
example, predictive models can analyze patterns in
patient data to recommend personalized lifestyle
changes, such as diet and exercise plans, that are most
likely to prevent disease progression in high-risk
individuals ((Kaur et al., 2018). By leveraging these
insights, healthcare providers can develop targeted
prevention programs that address the unique health
needs of each patient, thus improving outcomes and
reducing healthcare costs (Dash et al., 2019). These
approaches are particularly valuable in managing
chronic diseases, where early intervention can
significantly impact patient quality of life and long-term
health outcomes (Pasha & Latha, 2020).

Big Data analytics also facilitates the analysis of social
determinants of health (SDOH), which are critical in
understanding the broader factors that influence
individual and population health (Sadiku et al., 2018).
By integrating data on income levels, education,
employment status, and neighborhood environments,
healthcare organizations can identify social risk factors
that contribute to health disparities (El-Gazzar &
Stendal, 202 0). For instance, data-driven models can
reveal how social determinants like access to healthy
food, safe housing, and healthcare services impact the
prevalence of chronic diseases in certain communities
(Tandon et al., 2020). This information is crucial for

Figure 5: Big Data Analytics in Personalized Preventive healthcare
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designing community-level interventions that address
the root causes of health inequities, thereby enhancing
the effectiveness of public health strategies (Dash et al.,
2019; Fusco et al., 2020). Despite its potential, the
integration of Big Data analytics into personalized
preventive healthcare faces several challenges,
particularly regarding data privacy, interoperability, and
the ethical use of sensitive information (Raghupathi &
Raghupathi, 2014; Simon, 2008). The collection and
analysis of vast amounts of health data raise concerns
about patient confidentiality, especially when data is
sourced from wearable devices and social media
platforms (Fusco et al., 2020). Additionally, the lack of
standardized data formats and the fragmentation of
healthcare systems pose significant barriers to the
seamless integration of Big Data analytics into existing
healthcare infrastructures (Yoon, 2019). To overcome
these challenges, there is a need for robust data
governance frameworks, ethical guidelines, and policies
that protect patient privacy while enabling the effective
use of Big Data for preventive healthcare (El-Gazzar &
Stendal, 2020).

2.5 Public Health Resource Allocation with Al

Artificial Intelligence (Al) has become an essential tool
for optimizing resource allocation in public health,
especially in the context of limited resources and rising
healthcare demands. Al models, particularly those using
machine learning and predictive analytics, enable
healthcare systems to allocate resources more efficiently
by identifying the areas and populations in greatest need
(Kaur et al., 2018). For example, Al-driven algorithms
can analyze hospital data to optimize staffing, reduce
patient wait times, and ensure that critical resources like
ICU beds are available where they are most needed
(Tandon et al., 2020). These applications not only
streamline healthcare operations but also ensure that
public health interventions are delivered promptly,
reducing the risk of resource shortages during peak
demand periods (Chen et al., 2023). The impact of Al
on healthcare operations extends beyond mere resource
allocation to encompass cost reduction and efficiency
improvements. By automating routine administrative
tasks and optimizing supply chain logistics, Al
technologies can significantly lower operational costs in
hospitals and clinics (Yoon, 2019). For instance, Al
systems can forecast the demand for medications and
medical supplies, reducing waste and ensuring that
essential items are stocked based on actual need rather

than estimates (Pasha & Latha, 2020; Wan et al., 2013).
Additionally, Al tools can help healthcare
administrators optimize budget allocation by analyzing
historical spending patterns and predicting future needs,
thereby improving financial management within public
health systems (Dash et al., 2019). The ability of Al to
streamline operations is particularly beneficial in low-
resource settings where healthcare budgets are limited
(Simon, 2008). Al's role in resource allocation became
particularly evident during health crises, such as the
COVID-19 pandemic, where timely distribution of
critical resources like vaccines was essential. Al
algorithms were employed to optimize the logistics of
vaccine distribution, ensuring that vaccines reached
high-risk populations efficiently (Tandon et al., 2020).
Case studies from the pandemic highlight how Al tools
were used to predict COVID-19 hotspots and allocate
resources such as ventilators and personal protective
equipment (PPE) to hospitals facing surges in patient
admissions (Pasha & Latha, 2020). These Al-driven
strategies not only improved the speed of response but
also minimized wastage of critical resources,
demonstrating the potential of Al to enhance public
health preparedness and crisis management (Benke &
Benke, 2018; Raghupathi & Raghupathi, 2014). Despite
these advantages, integrating Al into public health
resource management faces several challenges,
particularly regarding data privacy, ethical concerns,
and the need for cross-sector collaboration (Sadiku et
al., 2018). The use of Al to optimize healthcare
resources involves analyzing large datasets, which often
include sensitive patient information, raising concerns
about data security and patient confidentiality (Fusco et
al., 2020; Simon, 2008). Additionally, the lack of
interoperability between various healthcare systems can
hinder the seamless integration of Al tools, limiting their
effectiveness in optimizing resource allocation (El-
Gazzar & Stendal, 2020). To address these challenges,
there is a need for robust policies and frameworks that
not only protect patient privacy but also promote the
ethical use of Al in public health (Pasha & Latha, 2020;
Raghupathi & Raghupathi, 2014).

2.6  Data Quality and Standardization Issues in
Public Health Al Applications

Ensuring high-quality data is fundamental for the
effective use of Artificial Intelligence (Al) in public
health applications. The diverse nature of data sources,
including electronic health records (EHRS), social
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media, wearable devices, and health surveys, often
results in inconsistent and incomplete data, which poses
a challenge for Al models (Alicino et al., 2015; Wong et
al., 2018). Variability in data formats, collection
methods, and data entry practices can lead to significant
discrepancies, affecting the reliability of Al-driven
insights (Khan & Alotaibi, 2020; Pasha & Latha, 2020).
For instance, missing or inaccurate data entries in
patient records can skew predictive models, reducing
their accuracy and leading to potential misdiagnoses or
inappropriate interventions (Mohan et al., 2019;
Mykhalovskiy & Weir, 2006). Addressing these data
quality issues is essential to harness the full potential of
Al in public health, particularly for tasks such as disease
surveillance and personalized healthcare. The impact of
data quality on the performance of Al models is
profound, as low-quality data can significantly
compromise the predictive accuracy of these systems.
Al algorithms rely on large datasets to train and refine
their models; however, if the data used is noisy, biased,
or incomplete, it can lead to erroneous predictions and
suboptimal decision-making (Gianfredi et al., 2018;
Mykhalovskiy & Weir, 2006;s Shamim, 2022). For
example, during the COVID-19 pandemic,
inconsistencies in testing data across regions led to
challenges in accurately predicting infection trends and
resource needs (Hawkins et al., 2016). Poor data quality
not only hampers the effectiveness of Al models but also
undermines trust in the technology among healthcare
professionals and policymakers, making it imperative to
establish robust data validation and cleaning processes
(Freifeld et al., 2007; Mawudeku et al., 2007).

To address these challenges, there have been ongoing
efforts to standardize health data to improve its quality
and consistency for Al integration. International
organizations and health agencies are developing
frameworks and protocols to ensure that data collected
from various sources adheres to uniform standards
(Sadiku et al., 2019; Viboud & Vespignani, 2019). For
instance, the adoption of interoperable data formats and
standardized terminologies can facilitate seamless data
sharing and integration across different healthcare
systems (Almubark et al., 2019; Walsh et al., 2014).
These standardization efforts are crucial in enabling Al
systems to process data efficiently, reduce errors, and
enhance the accuracy of predictions, ultimately
improving public health outcomes (Mykhalovskiy &
Weir, 2006; Viboud & Vespignani, 2019). Moreover,
best practices for ensuring data quality and

standardization in public health Al applications include
implementing rigorous data governance frameworks,
using automated data cleaning tools, and fostering cross-
sector collaboration (Bragazzi et al., 2017; Walsh et al.,
2014). By establishing clear guidelines on data
collection, storage, and sharing, organizations can
mitigate the risks associated with data inconsistencies
and privacy breaches (Haq et al., 2018; Walsh et al.,
2014). Additionally, fostering collaboration between
technologists, healthcare providers, and policymakers
can ensure that Al-driven public health initiatives are
both effective and ethically sound (Valluru & Jeya,
2019). As the field continues to evolve, ongoing
research is needed to refine these practices and address
the remaining gaps in data quality and standardization
for Al integration in public health (Haqg et al., 2018).

2.7  Interdisciplinary Collaboration in
Implementing Al and Big Data Solutions

The successful implementation of Artificial Intelligence
(Al) and Big Data solutions in public health heavily
relies on effective collaboration among technologists,
healthcare professionals, and policymakers.
Interdisciplinary collaboration is essential to bridge the
gap between technology and practical healthcare
applications, ensuring that Al tools are designed and
deployed to address real-world public health challenges
(Dai et al., 2017; Hawkins et al., 2016). Healthcare
professionals provide critical insights into patient needs,
disease patterns, and healthcare workflows, while
technologists contribute expertise in data analytics,
machine learning algorithms, and system integration
(Mykhalovskiy & Weir, 2006). Policymakers play a
crucial role in establishing regulations and frameworks
to ensure ethical Al deployment, addressing concerns
related to data privacy, security, and equitable access
(Dai et al., 2017; Gianfredi et al.,, 2018). Such
interdisciplinary efforts are crucial for harnessing Al
and Big Data to enhance public health systems
effectively. Moreover, building capacity and providing
training are essential components in fostering the
successful use of Al in public health. Given the rapidly
evolving nature of Al technologies, healthcare
professionals need ongoing education and training to
effectively interpret Al-generated insights and
incorporate them into decision-making processes
(Hawkins et al., 2016; Mykhalovskiy & Weir, 2006).
Programs aimed at enhancing digital literacy and
technical skills among healthcare workers have been
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shown to improve the adoption of Al tools, leading to
better patient outcomes (Dai & Bikdash, 2015;
Mawudeku et al., 2007). Similarly, technologists benefit
from understanding the healthcare domain, as it helps
them develop Al models that are more aligned with
clinical needs (Haq et al., 2018; Walsh et al., 2014).
Investing in interdisciplinary training initiatives not
only builds the necessary skills but also promotes a
collaborative culture where healthcare professionals and
technologists work together towards shared goals (Hoyt
& Yoshihashi, 2010; Sivaparthipan et al., 2019).
Moreover, case studies highlight how interdisciplinary
collaboration has led to successful Al-driven public
health initiatives. For example, during the COVID-19
pandemic, collaboration between data scientists,
epidemiologists, and public health officials enabled the
rapid development of Al models that predicted infection
trends, optimized resource distribution, and guided
public health interventions (Mykhalovskiy & Weir,
2006; Viboud & Vespignani, 2019). Another example is
the use of Al in predicting chronic disease hotspots
through collaborative efforts between healthcare
providers and technology firms, which allowed for the

timely deployment of preventive healthcare measures
(Sivaparthipan et al., 2019; Walsh et al., 2014). These
cases demonstrate how interdisciplinary partnerships
can accelerate the development and deployment of Al
solutions, ultimately enhancing the resilience and
responsiveness of public health systems (Ong et al.,
2018).

Despite the proven benefits of interdisciplinary
collaboration, there are still significant challenges to
overcome, including communication barriers, differing
priorities among stakeholders, and resistance to
adopting new technologies (Adhikari et al., 2019). To
address these challenges, it is essential to establish
frameworks that facilitate open communication, shared
understanding, and mutual trust among technologists,
healthcare professionals, and policymakers (Haq et al.,
2018; Supriya & Deepa, 2019). Additionally, structured
partnerships, such as public-private collaborations and
cross-disciplinary research initiatives, can play a critical
role in scaling Al and Big Data solutions in public health
(Noblesetal., 2019; Valluru & Jeya, 2019). By fostering
a collaborative environment, stakeholders can better
align their efforts to achieve common public health

Figure 6: Big Data Analytics in Personalized Preventive healthcare
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goals, thereby maximizing the potential of Al and Big
Data technologies.

3 Method

This study adhered to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)
guidelines to ensure a systematic, transparent, and
rigorous review process. PRISMA is widely recognized
for enhancing the quality of systematic reviews by
providing a structured approach to data collection,
analysis, and reporting (Moher et al., 2009). To begin, a
comprehensive search was conducted across multiple
academic databases, including PubMed, Scopus, IEEE
Xplore, Web of Science, and Google Scholar. The
search utilized a combination of keywords such as
“Artificial Intelligence,” “Big Data,” “Public Health,”
“Disease Surveillance,” and “Preventive Healthcare,”
with Boolean operators to refine the results. The scope
was limited to peer-reviewed articles published between
2013 and 2024 to capture recent advancements in the
field. An initial total of 450 articles were retrieved, and
after removing duplicates, 360 unique articles remained
for screening.

The next phase involved applying predefined inclusion
and exclusion criteria to ensure that only the most
relevant studies were selected. The inclusion criteria
focused on studies that addressed the use of Al and Big
Data in public health, provided empirical evidence or
case studies, were published in peer-reviewed journals,
and were available in English. Conversely, studies were
excluded if they did not directly pertain to public health
applications, lacked sufficient methodological details,
or were from non-peer-reviewed sources like conference
abstracts. After applying these criteria, 120 articles were
deemed suitable for further review.

Data extraction was then conducted using a standardized
form to maintain consistency across studies, capturing
essential  details such as study objectives,
methodologies, data sources, Al techniques, findings,
and limitations. To minimize bias, two independent
reviewers performed the extraction, and any
discrepancies were resolved through discussion or
consultation with a third reviewer. The quality of the
included studies was assessed using the Mixed Methods
Appraisal Tool (MMAT), which evaluates the rigor of
quantitative, qualitative, and mixed-method studies
(Hong et al., 2018). Only studies that scored above 70%

Figure 7: Adapted PRISMA Method for this study

Step 1. Comprehensive Search
Search in Pubbed, Scopus, |EEE, Web of Science, Google Scholar
Keywords: Al, Big Data, Public Health, etc

450 articles retrieved, 360 after duplicates removed

Step 2: Inclusion/Exclusion Criteria
Inclusion: Peer-reviewed, empirical evidence, English
Exclusion: Irrelevant, insufficient methodology, non-peer-reviewed

120 articles selected for further review

Step 3: Data Extraction & Quality Assessment

Standardized data extraction form used
Twio independent reviewers, MMAT for gquality check
90 high-quality articles retained

Step 4: Data Synthesis & Meta-Analysis
Marrative synthesis for diverse study designs
Categorized into themes: Disease surveillance, predictive analytics

Meta-analysis for guantitative studies where possible

Step 5: Conclusions & Recommendations

Findings guide future research and policy

on the quality assessment were retained, resulting in a
final set of 90 high-quality articles.

For data synthesis, a narrative approach was used to
analyze the findings due to the diversity in study designs
and Al methodologies. Extracted data were categorized
into thematic areas such as disease surveillance,
predictive analytics, resource allocation, and healthcare
personalization. The synthesis aimed to identify
patterns, common themes, and research gaps, thereby
developing a conceptual framework for understanding
the role of Al and Big Data in enhancing public health
outcomes. Where possible, a meta-analysis was
conducted on quantitative studies with comparable
outcomes to assess the overall impact of Al on public
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health interventions (Borenstein et al., 2009). This
comprehensive methodological approach ensured that
the findings are both robust and relevant, offering
insights that can guide future research and policy
development in the integration of Al and Big Data in
public health systems.

4 Findings

The systematic review revealed that the integration of
Al and Big Data analytics has substantially improved
public health surveillance and disease outbreak
prediction. Of the 90 articles analyzed, 75 articles
indicated that Al-driven models, particularly machine
learning algorithms, have been highly effective in
identifying early signs of disease outbreaks and
forecasting their spread. For example, nearly 40 studies
demonstrated that Al tools could detect anomalies in
health data weeks before traditional methods, thereby
enabling faster and more efficient public health
responses. These predictive capabilities are particularly
critical in managing sudden disease outbreaks, such as
COVID-19, where early detection and timely
interventions can prevent widespread transmission and
reduce mortality rates. The ability to analyze real-time
data from diverse sources, including electronic health
records, social media, and geolocation data, has
emerged as a powerful tool in enhancing disease
surveillance.

Another significant finding highlighted the role of Big
Data analytics in optimizing public health resource
allocation. A total of 68 articles focused on how Al
models have been utilized to streamline healthcare
operations, reduce costs, and improve resource
distribution. In particular, 55 articles reported that Al-

driven resource allocation systems effectively optimized
hospital staffing, ICU bed availability, and distribution
of critical medical supplies during health crises. These
systems have proven particularly beneficial during the
COVID-19 pandemic, where real-time data analytics
helped ensure that ventilators and vaccines were
distributed to the regions with the highest demand.
Additionally, 33 studies found that Al models could
forecast healthcare resource needs based on infection
trends, thus aiding in proactive planning and reducing
the strain on healthcare systems.

The review also found that Al and Big Data analytics
are increasingly used to support personalized preventive
healthcare strategies. Out of the 90 reviewed studies, 60
articles emphasized the importance of leveraging Big
Data to design personalized health interventions tailored
to individual risk profiles. For instance, 45 studies
discussed the application of Al in identifying at-risk
populations for chronic diseases such as diabetes and
hypertension, allowing for targeted preventive
measures. These personalized approaches have been
shown to improve patient outcomes by tailoring
healthcare recommendations based on demographic,
genetic, and lifestyle factors. Moreover, 25 studies
demonstrated that predictive analytics could help
healthcare providers design more effective prevention
programs, thereby reducing the incidence of chronic
diseases and associated healthcare costs. Another key
finding was related to the challenges of data quality and
standardization in public health Al applications. Of the
articles reviewed, 52 studies identified data
inconsistency and lack of standardization as major
barriers to the effective implementation of Al in
healthcare. Specifically, 35 articles highlighted that poor

Figure 8: Findings from Systematic Review on AI & Big Data in Public Health
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data quality could lead to inaccurate Al predictions,
which may, in turn, compromise patient care.
Additionally, 27 studies emphasized the need for
standardized data collection protocols to ensure that Al
models are trained on accurate and reliable data.
Addressing these challenges is crucial for realizing the
full potential of Al and Big Data in enhancing public
health outcomes, as data inconsistencies can undermine
the trust of healthcare professionals in Al-driven
insights.

Finally, the review underscored the importance of
interdisciplinary collaboration for the successful
implementation of Al and Big Data solutions in public
health. A total of 65 articles stressed that collaboration

between technologists, healthcare professionals, and
policymakers is essential to overcoming barriers to Al
adoption. Of these, 50 studies highlighted successful
case studies where cross-disciplinary partnerships led to
the development of effective Al-driven health
interventions. Additionally, 30 articles emphasized the
need for capacity building and training initiatives to
ensure healthcare workers can effectively utilize Al
tools in their practice. The findings suggest that
fostering a collaborative environment is critical to
unlocking the full potential of Al and Big Data in public
health, enabling these technologies to be used in ways
that are both effective and ethically sound.

Figure 9: Waterfall Chart of Systematic Review Findings
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5 Discussion

The findings of this systematic review indicate that the
integration of Artificial Intelligence (Al) and Big Data
in public health has made significant strides, especially
in areas such as disease surveillance, resource
allocation, and personalized preventive healthcare.
These results align with earlier studies that emphasized
the transformative impact of Al in enhancing public
health monitoring and response (Freifeld et al., 2007;
Sivaparthipan et al.,, 2019). Previous research
highlighted how Al models, particularly machine
learning algorithms, have been effective in predicting
outbreaks and optimizing resource distribution (Rolka et
al., 2007; Walsh et al.,, 2014). The current review
confirms and extends these findings by demonstrating

that nearly 75% of the reviewed studies showed Al's
capacity to detect disease outbreaks earlier than
traditional methods, supporting earlier research that
recognized AI’s potential in real-time health
surveillance (Ong et al., 2018). This comparison
illustrates a clear evolution from theoretical Al
applications to practical, real-world implementations,
especially in the wake of the COVID-19 pandemic,
where rapid Al adoption was crucial. Furthermore, the
review found that AI’s application in optimizing
healthcare resource allocation has yielded substantial
benefits, which is consistent with previous studies that
reported cost reductions and improved operational
efficiency in healthcare (Haq et al., 2018; Sivaparthipan
etal., 2019). The current review found that 68 out of 90
studies demonstrated Al's role in streamlining processes
such as staffing, inventory management, and 1ICU bed
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allocation. This supports earlier research by (Adhikari et
al., 2019) and (Okell et al., 2008), which argued that Al
could enhance decision-making in critical healthcare
settings. However, the present findings go beyond
previous studies by providing empirical evidence on
how Al-driven resource management was crucial during
the COVID-19 vaccine distribution. The ability to
forecast demand and optimize supply chains was shown
to be a key factor in responding to the fluctuating needs
of healthcare systems during health emergencies.

Personalized preventive healthcare has emerged as a
promising area where Al and Big Data can significantly
improve patient outcomes by tailoring interventions
based on individual risk profiles. The current review
corroborates earlier findings by (Nobles et al., 2019) and
(Ed-daoudy & Maalmi, 2019), which demonstrated that
predictive analytics could identify at-risk populations
for chronic diseases like diabetes and cardiovascular
conditions. The findings from this review indicate that
60 out of 90 studies emphasized the potential of Al in
designing personalized preventive strategies, which isin
line with previous studies that underscored the value of
using demographic, genetic, and behavioral data for
tailored healthcare interventions (Khan et al., 2020).
This highlights an ongoing trend towards more
personalized and data-driven healthcare models,
suggesting a shift away from one-size-fits-all
approaches toward more precise, patient-centered care.
However, the challenges related to data quality and
standardization persist, as highlighted by both this
review and earlier studies (Khan et al., 2020; Nobles et
al., 2019). The current findings reveal that 52 studies
identified data inconsistency as a significant barrier to
Al adoption in public health, which aligns with the
concerns raised in earlier research regarding the impact
of poor data quality on Al model accuracy (Adhikari et
al., 2019; Heesterbeek et al., 2015). The lack of
standardized data formats complicates the integration of
Al systems, leading to difficulties in achieving reliable
predictive outcomes (Sivaparthipan et al., 2019). These
findings indicate that, while progress has been made in
the application of Al in public health, there is still a
pressing need to develop robust data governance
frameworks that ensure data quality and
interoperability, as previously suggested by (Walsh et
al., 2014). The current review also underscores the
importance of interdisciplinary collaboration, which is
consistent with the findings of previous studies by
(Rolka et al., 2007) and (Supriya & Deepa, 2019). The

review highlights that successful implementation of Al
and Big Data in public health requires collaboration
among technologists, healthcare providers, and
policymakers to overcome barriers related to data
privacy, ethical concerns, and system interoperability.
The reviewed studies showed that cross-disciplinary
efforts have been instrumental in implementing Al-
driven health interventions during the COVID-19
pandemic, which aligns with earlier research that
emphasized the need for public-private partnerships
(Rolka et al., 2007). Moving forward, fostering these
collaborations and investing in capacity-building
initiatives are critical to ensuring that Al technologies
can be effectively integrated into public health practices.

6 Conclusion

The findings of this systematic review highlight the
transformative potential of Artificial Intelligence (Al)
and Big Data analytics in enhancing public health,
particularly in the areas of disease surveillance, resource
allocation, and personalized preventive healthcare. By
leveraging real-time data and predictive models, Al has
proven to be instrumental in identifying disease
outbreaks, optimizing healthcare resources, and
delivering tailored health interventions. However,
despite these advancements, challenges related to data
quality, privacy, and interoperability continue to impede
the full adoption of Al in public health. The review
underscores the importance of interdisciplinary
collaboration among  healthcare  professionals,
technologists, and policymakers to address these
barriers, ensuring that Al-driven solutions are both
effective and ethically sound. Moving forward, there is
a clear need for robust data governance frameworks and
continued investment in capacity-building initiatives to
fully harness the potential of Al and Big Data in
improving public health outcomes. By addressing these
challenges, public health systems can become more
responsive, efficient, and better equipped to manage
both chronic conditions and emerging health crises,
thereby contributing to a more resilient global
healthcare infrastructure.
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