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Abstract-  This  review explores emerging
biostatistical methods, the integration of machine
learning (ML) and advanced analytics, and the role
of big data and artificial intelligence (Al) in
addressing health disparities in public health. It
highlights the growing importance of Bayesian
models and ML algorithms for predicting infectious
disease outcomes and stratifying populations by
social determinants of health. The review
accentuates the potential of Al in precision public
health, with applications ranging from real-time
disease surveillance to the development of
personalized interventions. However, it also
emphasizes the ethical challenges and biases
associated with Al and ML, particularly in
marginalized  populations.  Future  research
recommendations focus on developing ethical
frameworks, improving the representativeness of
training data, and optimizing the use of real-world
evidence (RWE) in public health. By combining
traditional biostatistical approaches with modern Al-
driven tools, this review outlines a path toward more
accurate and equitable health outcome predictions,
ultimately contributing to the reduction of health
disparities on a global scale.

Indexed Terms- Biostatistical methods, Machine

learning, Health disparities, Artificial intelligence,
Real-world evidence
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l. INTRODUCTION

1.1  Overview of Health Disparities in Infectious
Disease Outcomes

Health disparities in infectious disease outcomes are
well-documented and persist across various
populations, often due to differences in socioeconomic
factors, access to healthcare, and biological
susceptibilities (Marmot, 2005). Infectious diseases
such as tuberculosis, HIV/AIDS, and malaria
disproportionately affect marginalized communities,
both in high-income countries and low- and middle-
income regions (WHO, 2021). For instance, in the
United States, Black and Hispanic populations are
more likely to experience higher rates of HIV infection
compared to White populations, with an estimated rate
of 41.3 per 100,000 among Black individuals,
compared to 5.0 per 100,000 for White individuals
(CDC, 2022). This disparity is often linked to
structural inequities, including poverty, lack of access
to preventive healthcare services, and stigmatization
(Kawachi et al., 2002). The COVID-19 pandemic
further illustrated these inequalities, as minority
populations in the United States and globally
experienced higher rates of infection, hospitalization,
and mortality (Bambra et al., 2020).
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Figure 1: Overview of the burden of disease framework. (Bhutta, 2008)

The figure above illustrates the progression and
interconnectedness of health issues and their primary
causes. It implies a hierarchical relationship, where
each level is influenced by the ones below it. It also
suggests that addressing issues at the lower levels
could have a cascading positive effect on the levels
above. The color gradient from teal at the bottom to
gray at the top adds visual clarity to the progression of
health issues from underlying causes to ultimate
outcomes.

Biological factors also play a role in these disparities.
Genetic predispositions, immune response variations,
and comorbidities such as diabetes and cardiovascular
diseases exacerbate the risk of poor outcomes in
certain populations (Dowd et al., 2009). For example,
research has shown that individuals with compromised
immune systems or underlying chronic conditions are
more likely to experience severe complications from
infectious diseases like influenza and COVID-19
(Sattar et al., 2020). Environmental factors, including
housing conditions, pollution exposure, and
occupational hazards, further compound the
vulnerability of disadvantaged groups to infectious
diseases (Phelan et al., 2010). These intertwined
factors necessitate a multifaceted approach to
addressing health disparities, including improved
access to healthcare, targeted public health
interventions, and comprehensive biostatistical
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analyses to predict and mitigate the risks faced by
vulnerable populations.

Real-world evidence suggests that public health
interventions tailored to address specific social
determinants of health can help reduce disparities in
infectious disease outcomes. For example, increasing
access to vaccines, improving sanitation, and
implementing educational campaigns in underserved
communities have been shown to lower infection rates
and improve health outcomes (Farmer et al., 2006).
However, addressing these disparities requires a
sustained effort to integrate biostatistics, public health
strategies, and equitable healthcare delivery systems.
By identifying the key drivers of these inequalities,
policymakers and healthcare providers can better
design interventions that specifically target the
populations most at risk, thus improving overall public
health outcomes.

1.2 Importance of biostatistics in addressing
these disparities

Biostatistics plays a pivotal role in addressing health
disparities in infectious disease outcomes by providing
the tools necessary to analyze complex datasets and
uncover patterns that may not be immediately visible.
Through statistical modeling, biostatistics enables
researchers to identify correlations between
demographic factors—such as race, socioeconomic
status, and geographic location—and infectious
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disease incidence and outcomes (Diez Roux, 2012).
By analyzing large- scale data, such as real-world
evidence from electronic health records and national
health surveys, biostatistical methods help quantify the
extent of disparities and assess the effectiveness of
interventions targeted at vulnerable populations
(Rosella et al., 2018). For instance, regression models
have been widely used to control for confounding
factors and estimate the relative risk of infection or
poor health outcomes, thereby isolating the specific
contribution of social determinants of health to disease
disparities (Vandenbroucke et al., 2007).

Furthermore, biostatistics facilitates the measurement
of the impact of public health interventions on
reducing disparities. Randomized controlled trials
(RCTs) and observational studies rely heavily on
biostatistical techniques to evaluate the efficacy of
interventions, such as vaccination campaigns or
community-based health programs, in different
population subgroups (Pocock, 2013). Through the
application of survival analysis, for example,
researchers can track long-term outcomes of patients
from disadvantaged communities and monitor the
effectiveness of preventive

measures over time (Lai et al., 2021). Additionally,
biostatistical methods are essential in addressing the
biases that often arise in real-world datasets, such as
missing data or selection bias, which can distort the
findings if not properly accounted for (Rubin, 2004).

The ability of biostatistics to synthesize data from
diverse sources and correct for such biases ensures that
the results are robust and generalizable across
populations. This allows policymakers and public
health officials to allocate resources more effectively
and design evidence-based interventions that
specifically target the most wvulnerable groups.
Moreover, biostatistical methods enable the
exploration of interaction effects, such as how the
combination of low socioeconomic status and
inadequate healthcare access exacerbates disease
risks, thereby providing a more nuanced
understanding of the multifactorial nature of health
disparities (Subramanian and Kawachi, 2004).
Overall, biostatistics is an indispensable tool in the
fight against health inequities, offering data-driven
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insights that can be translated into actionable public
health strategies.

1.3 The role of real-world evidence and public
health intervention data

Real-world evidence (RWE) has become a crucial
component in understanding and addressing health
disparities in infectious disease outcomes. Derived
from sources such as electronic health records,
insurance claims, and health surveys, RWE provides a
more comprehensive view of how diseases affect
different populations in naturalistic settings (Makady
et al., 2017). Unlike data obtained from controlled
clinical trials, which often exclude vulnerable
populations or lack diversity, real-world evidence
reflects the actual experiences of patients, including
those from disadvantaged communities (Corrigan-
Curay et al., 2018). This data is invaluable in assessing
health disparities, as it enables researchers to identify
patterns of disease progression, treatment responses,
and the effectiveness of public health interventions
across diverse socioeconomic and racial groups
(Sherman et al., 2016). For example, in a large-scale
study of influenza vaccination, RWE revealed that
minority populations had lower vaccination rates,
contributing to higher hospitalization rates among
these groups during the flu season (Lu et al., 2014).
Public health intervention data complements real-
world evidence by providing insight into the
effectiveness of strategies aimed at reducing health
disparities. This data is typically gathered from
community-level  programs,  national health
campaigns, and localized interventions aimed at
improving disease outcomes (Galea et al., 2019). By
combining RWE with public health intervention data,
biostatisticians can measure the long-term impact of
interventions, such as vaccination drives, sanitation
improvements, or health education campaigns, on
population health outcomes (Pelat et al., 2014). For
example, RWE from public health interventions
targeting tuberculosis in low-income areas has
demonstrated significant reductions in disease
prevalence when resources such as early diagnosis,
contact tracing, and treatment adherence programs are
implemented. Such data-driven insights are critical in
optimizing public health strategies, allowing
interventions to be tailored to the specific needs of
vulnerable populations and adjusted in real- time
based on their effectiveness.
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Figure 2: Types & Sources of Real-World Data (Arbor, 2021)

This figure effectively illustrates the diverse range of
data sources available for real-world evidence in
healthcare, highlighting the multipart nature of health-
related information. This type of data is crucial for
comprehensive healthcare research, policy-making,
and improving patient outcomes.

The role of real-world evidence and public health
intervention data extends beyond merely identifying
disparities. These data sources are integral to policy
formulation, as they provide empirical support for the
allocation of resources and the design of equitable
healthcare solutions (Harron et al., 2017). With
accurate and robust real-world evidence, public health
officials can develop interventions that are both
effective and cost-efficient, ensuring that high-risk
populations receive the care and prevention strategies
they require. Moreover, the use of biostatistics in
synthesizing data from these diverse sources allows
for the identification of subtle yet critical factors—
such as cultural barriers or healthcare access
inequalities—that may otherwise be overlooked
(Idoko et al., 2024). By focusing on real-world
evidence and public health intervention data,
healthcare systems can become more responsive and
adaptive, ultimately contributing to the reduction of
health disparities in infectious disease outcomes.

14 Obijectives of the review paper

The primary objective of this review paper is to
explore the role of biostatistics in predicting health
disparities in infectious disease outcomes, particularly
through the analysis of real-world evidence and public
health intervention data. By synthesizing existing
literature and empirical studies, this review aims to
provide a comprehensive understanding of how
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biostatistical methods can help identify and address
the social determinants of health that contribute to
these disparities (Diez Roux, 2012). A secondary
objective is to highlight the importance of data-driven
public health interventions, demonstrating how real-
world evidence can be leveraged to tailor strategies
that reduce infection rates and improve outcomes in
marginalized populations (Rosella et al., 2018). This
review will focus on the use of advanced biostatistical
techniques, including regression models and survival
analysis, to evaluate the long-term impact of these
interventions.

Another key objective is to examine how biostatistics
can contribute to equitable healthcare by ensuring that
public health resources are efficiently allocated to
those most at risk (ldoko et al., 2024). Through a
detailed analysis of public health intervention data,
this paper seeks to identify the specific factors—such
as vaccination coverage, healthcare access, and
socioeconomic conditions—that exacerbate
disparities in infectious disease outcomes (Bambra et
al., 2020). Ultimately, the paper will argue that
integrating biostatistics into public health planning is
essential for mitigating the disproportionate burden of
infectious diseases on disadvantaged communities.

In fulfilling these objectives, this review will also
address gaps in the current literature by assessing the
methodological challenges involved in using real-
world evidence and public health data. It aims to offer
recommendations for future research and public health
policy, encouraging the continued development of
biostatistical models that are responsive to the unique
health needs of wvulnerable populations (Pocock,
2013). This review will thus contribute to the broader

ICONIC RESEARCH AND ENGINEERING JOURNALS 322



© OCT 2024 | IRE Journals | Volume 8 Issue 4 | ISSN: 2456-8880

effort of reducing health disparities and improving
disease outcomes through the rigorous application of
biostatistics in public health.

Il. BIOSTATISTICAL METHODS IN
PREDICTING HEALTH DISPARITIES

2.1Key biostatistical tools used in health disparity
prediction
In the prediction of health disparities, several
biostatistical tools are fundamental in analyzing large
and complex datasets, enabling researchers to discern
patterns and trends across different population groups.
One of the most widely used techniques is logistic
regression, which is crucial for modeling binary

Logistie
Regression
d 03

outcomes, such as the presence or absence of a disease,
and identifying the influence of demographic and
socioeconomic variables on these outcomes (Hosmer
et al., 2013). Logistic regression allows for the
estimation of odds ratios, which quantify the
association between specific risk factors and disease
outcomes, making it highly applicable for assessing
the likelihood of adverse health outcomes in
disadvantaged populations (Diez Roux, 2012). By
controlling for confounding variables, this tool can
isolate the effect of race, income, or geographic
location on health disparities in infectious diseases
such as tuberculosis and HIV/AIDS (Koh et al., 2012).
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Figure 3: Biostatistical Tools for Predicting Health Disparities

This visual representation above shows the
relationships between different biostatistical tools and
their applications in health disparity research. It
captures the complex nature of the statistical
approaches used in this field.

Survival analysis is another key biostatistical method,
particularly useful for studying the time until an event
occurs, such as death or disease progression (Collett,
2015). In health disparity research, survival models,
like the Cox proportional hazards model, are
employed to assess how long different population
groups remain disease-free or survive after diagnosis,
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accounting for censored data and covariates (Hosmer
etal., 2008). This is particularly valuable in examining
the long-term impact of social determinants of health,
such as access to healthcare or education, on infectious
disease outcomes. For instance, survival analysis has
been used to demonstrate that lower socioeconomic
status is associated with reduced survival rates in
diseases such as cancer and HIV (Merletti et al., 2011).
By providing hazard ratios, these models offer insights
into how quickly disease outcomes deteriorate in
marginalized populations compared to more affluent
groups.
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Machine learning algorithms, particularly decision
trees and random forests, are increasingly being
applied in the field of health disparity prediction.
These non-parametric methods are powerful in
handling large datasets with numerous predictor
variables, offering the flexibility to model complex
interactions between social and environmental factors
(Christodoulou et al., 2019). Unlike traditional
regression methods, machine learning techniques can
automatically detect patterns and interactions without
requiring pre-specified models. This has proven
valuable in identifying previously unknown predictors
of health disparities, such as neighborhood
environmental conditions or healthcare access
disparities (Rajkomar et al., 2018). While still
emerging, the use of machine learning in biostatistics
promises to revolutionize the way public health
professionals predict and address health inequalities
by offering more accurate and nuanced models for
predicting outcomes in diverse populations.

Multivariate
Analysis

Models

Neural
Network
Models

- Regression
N

Decision
Tree Models

2.2 Statistical models for infectious disease outcomes
(e.g., regression models, survival analysis)

Statistical models play an integral role in predicting
infectious disease outcomes, offering powerful tools to
analyze data, assess risk factors, and inform public
health interventions. Regression models, particularly
logistic and linear regression, are among the most
commonly used approaches in epidemiological
studies. Logistic regression is applied when the
outcome of interest is binary, such as infection or no
infection, and allows for the estimation of odds ratios
to quantify the relationship between predictor
variables and disease risk (Hosmer et al., 2013). For
instance, logistic regression has been used extensively
in modeling HIV transmission rates, assessing the role
of socioeconomic factors, and identifying key risk
behaviors associated with infection (Koh et al., 2012).
Linear regression, on the other hand, is used when the
outcome is continuous, such as the number of new
infections in a population, allowing for the prediction
of disease incidence based on covariates like
demographic variables or healthcare access.

Logistic
Regression
Models

Time
Series
Models

Survival
Models

Figure 4: Types of Statistical Models (DASCA. 2024)

Figure 4 illustrates the diversity of statistical modeling
techniques available to data scientists and researchers,
each having specific applications and strengths in

IRE 1706413

analyzing different types of data and addressing
various research questions.
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Survival analysis models, particularly the Cox
proportional hazards model, are crucial in analyzing
time-to-event data, such as the time until recovery or
death from an infectious disease. This model is
especially valuable for studying diseases with variable
progression rates, like tuberculosis and COVID-19,
where the time to adverse outcomes can differ
substantially across populations (Collett, 2015). The
Cox model can incorporate multiple covariates,
enabling researchers to adjust for confounders and
better understand the impact of social and
environmental determinants on survival. For example,
studies have demonstrated that patients with lower
socioeconomic status or limited access to healthcare
have shorter survival times after diagnosis with
infectious diseases, underscoring the importance of
addressing health disparities (Merletti et al., 2011).
These models are also instrumental in evaluating the
effectiveness of public health interventions, such as
vaccination campaigns or treatment programs, by
estimating hazard ratios for survival across different
treatment groups.

Both regression models and survival analysis are
essential for understanding and predicting the
outcomes of infectious diseases, but they are
increasingly complemented by more advanced
statistical techniques. Machine learning models,
including random forests and neural networks, are
gaining traction due to their ability to handle large
datasets with numerous predictors and complex
interactions. While these models are not yet as widely
used as traditional regression and survival models in
infectious disease research, their potential to improve
predictive accuracy and uncover previously unknown
relationships  between variables is significant
(Christodoulou et al., 2019). Nonetheless, traditional
statistical models remain critical tools for
understanding  infectious  disease  dynamics,
particularly in populations disproportionately affected
by health disparities.
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2.3 Considerations in data stratification and population
analysis

Data stratification and population analysis are critical
components of biostatistical modeling, particularly
when investigating health disparities in infectious
disease outcomes. Stratification involves dividing a
population into subgroups, or strata, based on
characteristics such as age, gender, socioeconomic
status, race, or geographic location, which can
significantly affect health outcomes (Merletti et al.,
2011). This approach ensures that analyses account for
variability within populations and can uncover
disparities that might otherwise remain hidden in
aggregate data. For instance, when examining the
prevalence of tuberculosis, stratification by income
level or race often reveals that marginalized groups
experience higher infection rates and worse outcomes
due to limited access to healthcare and social services
(Diez Roux, 2012). In this context, stratification not
only aids in identifying vulnerable subpopulations but
also allows for the tailoring of public health
interventions to meet their specific needs.

Another important consideration in population
analysis is the appropriate handling of confounding
variables, which are external factors that may
influence both the exposure and outcome of interest.

Failure to adjust for these confounders can lead to
biased estimates of health disparities. For example, in
studies of infectious disease outcomes, variables such
as healthcare access, pre- existing conditions, and
environmental exposures must be controlled to
accurately assess the impact of social determinants
like race or income (Hosmer et al., 2013).
Multivariable regression models are often employed to
adjust for these confounding factors, allowing
researchers to isolate the true effect of the variable of
interest on the outcome. Proper stratification and
control for confounders thus enhance the validity of
conclusions drawn from population health data,
improving the reliability of predictions regarding
health disparities.
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Table 1: Key Concepts in Biostatistical Modeling for Analyzing Health Disparities

Concept Explanation

Example

Data Stratification

disparities.

Dividing a population into subgroups{Stratifying by income or race in
(e.g., by age, race, income) t o [tuberculosis analysis reveals
uncover hidden

marginalized groups face worse
outcomes.

adjusted for.

Confounding Variables [External factors influencing bothlAdjusting for healthcare access, pre-
exposure and outcome, leading toexisting
biased estimates if not properly environmental

conditions, and
exposures in
studies.

Population
Heterogeneity

social conditions.

\Variation in  outcomes
subgroups due to differences inundocumented  groups  limiting
genetics, immune responses, and  [generalizability.

acrossSmall sample sizes in rural or

IAdvanced Biostatistical [Techniques like
Techniques
robustness in
populations.

hierarchical orUsing
multilevel models to improve analysisffor small or complex
heterogeneouspopulations.

hierarchical models

In addition, population heterogeneity presents both
challenges and opportunities for biostatistical analysis.
Populations are rarely homogeneous, and infectious
disease outcomes can vary widely across subgroups
due to differences in genetic predisposition, immune
responses, and social conditions (Nguyen et al., 2020).
While stratification can account for some of this
variability, care must be taken to ensure that sample
sizes within strata remain sufficient to vyield
statistically significant results. In small or hard-to-
reach populations, such as rural or undocumented
groups, small sample sizes can lead to imprecise
estimates and limit the generalizability of the findings
(Aboi, 2024). Therefore, it is crucial to employ
advanced biostatistical techniques, such as
hierarchical or multilevel models, to account for this
complexity and improve the robustness of population-
level analyses  (Gustafson, 2010).  These
considerations are vital in ensuring that biostatistical
models accurately reflect real-world disparities in
infectious disease outcomes.

2.4 Limitations of  conventional biostatistical
approaches in diverse populations

Conventional  biostatistical — approaches,  while

essential in epidemiology, often exhibit limitations

when applied to diverse populations, particularly in

the context of health disparities. Traditional methods
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such as logistic regression and survival analysis
typically assume uniformity within a population,
overlooking the significant heterogeneity present in
race, ethnicity, socioeconomic status, and access to
healthcare (VanderWeele & Robinson, 2014). For
instance, logistic regression models often treat
variables like race or ethnicity as -categorical
covariates  without  addressing  the  social,
environmental, and structural factors that lead to
differential exposure to health risks. This
oversimplification can result in biased or inaccurate
predictions when examining infectious disease
outcomes, as these factors do not have the same impact
across different demographic groups.

Furthermore, conventional biostatistics often fails to
adequately capture complex interactions between
individual and environmental factors that influence
health outcomes in diverse populations. According to
Hicken et al. (2018), intersectionality—where factors
such as gender, race, and socioeconomic status
interact—can profoundly shape health risks and
disease susceptibility. However, traditional models
lack the ability to account for these multidimensional
intersections, limiting their predictive power. For
example, in predicting infectious disease outcomes,
the failure to incorporate variables like access to
healthcare and historical inequalities into biostatistical
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models leads to inadequate intervention strategies,
particularly in marginalized communities.
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Figure 5: Challenges of Conventional Biostatistics in Diverse Populations

This diagram effectively shows the interconnection
and stem from the central problem of applying
conventional biostatistics to diverse populations. It
provides a clear, ordered view of the issues, making it
easier to understand the manifold nature of the
problem.

This visual representation would be particularly useful
for researchers, policymakers, and healthcare
professionals to quickly grasp the key areas that need
addressing when working with biostatistical models in
diverse population studies. It could serve as a starting
point for discussions on improving methodologies and
data collection practices in public health and
epidemiology.

In addition to these conceptual challenges, the
underrepresentation of minority populations in clinical
trials and public health datasets further exacerbates the
limitations of conventional biostatistics. Many
datasets are drawn from predominantly white or
higher-income populations, resulting in biased
estimates when these models are generalized to other
groups (loannidis, 2016). This data imbalance often
leads to misestimations in health disparities, as models
trained on homogenous datasets do not reflect the
diverse characteristics of broader populations.
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Therefore, while conventional biostatistical methods
provide valuable insights, there is an increasing need
for more advanced and adaptable approaches that
account for the diversity and complexity of modern
populations.

I1l.  REAL-WORLD EVIDENCE IN
INFECTIOUS DISEASE RESEARCH

3.1 Definition and significance of real-world evidence
(RWE) in public health
Real-world evidence (RWE) refers to the data
collected outside the context of controlled clinical
trials, typically from sources such as electronic health
records (EHRS), patient registries, claims databases,
and observational studies (Sherman et al., 2016). It is
defined as the insights gained from the routine
delivery of healthcare, which reflect the diversity of
patient experiences, including those who may not meet
the stringent criteria for clinical trials. In public health,
the significance of RWE lies in its ability to offer a
broader, more representative understanding of how
interventions perform in real-world settings. Unlike
randomized controlled trials (RCTs), which often
involve selective populations and controlled
environments, RWE captures the variability and
complexity inherent in everyday healthcare. This
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allows for more generalizable findings, particularly in
understanding health disparities, as it includes data
from diverse socioeconomic and demographic groups
(Makady et al., 2017).

The value of RWE is increasingly recognized in the
evaluation of public health interventions, particularly
for infectious diseases, where timely and
comprehensive data are crucial for decision- making.
For example, during the COVID-19 pandemic, RWE
played a pivotal role in monitoring vaccine safety and

REAL-WORLD
EVIDENCE...

croates a more diverse set of
reallife data to study

AR 1 @/‘ﬁ" n,"ﬁ 3 F‘fc

considors the full

& o patient journey and
’ 1 . _ soclal determinants of health

r) _

- ~

-
-~ E—

leads to the development of
greator and broader Insights
about drug safety and efficacy.

g

effectiveness in real-time, capturing outcomes across
diverse populations, including those with pre-existing
conditions and various socioeconomic backgrounds
(Idoko et al., 2024). The use of RWE in such contexts
provides insights that go beyond efficacy, offering a
more nuanced view of how interventions work across
different populations and healthcare systems. This
data is invaluable in identifying health disparities,
allowing for targeted public health measures that
address the specific needs of underserved groups.
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Figure6: Real -World Evidence and Real -World Data (Radhaknishnan. 2024)

This infographic illustrates the concept and
importance of real-world evidence in healthcare and
pharmaceutical research, it emphasizes how real-
world evidence provides a more comprehensive and
diverse dataset compared to traditional clinical trials.
It highlights the importance of considering various
factors that affect patient health and treatment
outcomes in real-life settings.

Furthermore, RWE is essential for policy development
and resource allocation in public health, as it provides
evidence on healthcare utilization patterns, disease
burden, and the impact of interventions across
different settings. In low-resource environments,
where RCTs may be difficult to conduct, RWE offers
an alternative approach to inform public health
strategies (Concato et al., 2010). By providing
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evidence that reflects real-world conditions, RWE
supports the development of interventions that are
both effective and equitable, ensuring that health
disparities are addressed in a meaningful way. This
makes it a critical tool for advancing health equity and
improving outcomes in public health practice.

3.2Sources of real-world data (electronic health
records, health surveys, insurance claims, etc.)
Real-world data (RWD) is derived from multiple
sources (figure 7) each contributing unique insights
into healthcare outcomes and public health
interventions. One of the primary sources is electronic
health records (EHRs), which capture detailed patient
information, including  demographics, clinical
diagnoses, treatments, and outcomes. EHRs are
particularly valuable as they represent large, diverse
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patient populations across various healthcare settings,
offering a comprehensive view of health trends and
disparities. For example, the use of EHR data during
the COVID-19 pandemic facilitated rapid assessments
of patient outcomes, helping identify vulnerable
populations and measure the impact of various

Administrative
claims records

Linked data

(secondary use)

Hybrid data

(secondary use
& pnmary data
collection)

Patient generated
health data

Social media

interventions (Idoko et al., 2020). However, EHR data
can be incomplete or inconsistent, as the collection
methods and clinical coding may vary between
institutions, potentially introducing biases (Casey et
al., 2016).

Electronic medical/
health records

Primary data collection

observational study

Patient/disease state
registries

Public health
surveys

Patient & provider
surveys

Pragmatic trials

Figure 7: Sources of Real-World Data (NASEM. 2019)

Health surveys provide another significant source of
RWD. These surveys often collect self- reported data
on health behaviors, conditions, and access to
healthcare services, offering insights into population
health and healthcare utilization. Large-scale surveys
such as the National Health and Nutrition Examination
Survey (NHANES) or the Behavioral Risk Factor
Surveillance System (BRFSS) have been instrumental
in identifying public health trends, especially
regarding chronic conditions and infectious diseases
(Centers for Disease Control and Prevention, 2019).
These surveys are valuable for monitoring health
disparities, as they often include stratified samples
based on socioeconomic status, race, and geography,
which are critical factors in understanding inequities
in disease outcomes. However, self-reported data can
be prone to recall bias and may not always align with
clinical data from EHRs.

Insurance claims data are also widely used in real-
world evidence research, particularly for examining
healthcare utilization patterns, treatment adherence,
and costs. Claims data provide longitudinal
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information on healthcare services received, including
hospitalizations, outpatient visits, and prescription
medications (ldoko et al., 2024). These datasets are
crucial for understanding access to care and the
financial burden of diseases on different populations.
However, they often lack detailed clinical information,
such as laboratory results or patient- reported
outcomes, limiting their utility for certain types of
public health research. Additionally, insurance claims
data may not be fully representative of uninsured or
underinsured populations, further complicating efforts
to address health disparities.

3.3 Case studies showcasing the use of RWE in
predicting disparities

Real-world evidence (RWE) has increasingly been
used to predict health disparities (figure 8),
particularly in infectious disease outcomes, providing
essential insights that help tailor public health
interventions. A notable example is the application of
RWE in assessing the impact of the COVID-19
pandemic on racial and ethnic minorities in the United
States. Using data from electronic health records
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(EHRs) and insurance claims, researchers were able to
identify that Black and Hispanic communities
experienced  significantly  higher  rates  of
hospitalization and mortality compared to White
populations (Tai et al., 2021). This disparity was
attributed to factors such as limited access to
healthcare, higher rates of pre-existing conditions, and
socioeconomic determinants. RWE in this context
enabled real-time monitoring of health outcomes and
supported more targeted interventions, such as vaccine
distribution to underserved communities.

Another case study involves the use of RWE in
predicting health disparities in HIV outcomes. Data
from community health surveys and claims data were

Diagnosis
Clinical Phenotype

Treatments

Patient Reported
Outcomes

Comorbidities
Digital Phenotype

Surveillance

used to identify that certain subpopulations,
particularly men who have sex with men (MSM) and
Black women, had disproportionately higher rates of
HIV infection and lower access to antiretroviral
therapies (ART) (Skarbinski et al., 2015). This
information led to public health campaigns that
emphasized outreach to these groups and promoted
ART adherence. Additionally, predictive models using
RWE showed that providing early access to ART
could substantially reduce the disparities in health
outcomes for these populations, highlighting the
importance of real-world data in both prevention and
treatment strategies.

Figure 8: Real-World Data (RWD) and Learning Health System Integration (Snyder et al., 2020)

Figure 8 illustrates the integration of Real-World Data
(RWD) into a Learning Health System framework. At
the center is RWD, which encompasses various
patient-related data points such as diagnosis, clinical
phenotype, treatments, patient-reported outcomes,
comorbidities, digital phenotype, and surveillance.

A third case study showcases the role of RWE in
addressing disparities in influenza vaccination rates.
Data from health surveys and insurance claims
indicated that older adults and minority populations,
particularly African Americans and Hispanics, had
lower vaccination rates despite being at higher risk for
severe outcomes from influenza (Idoko et al., 2024).
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By integrating data from EHRs and surveys, public
health agencies were able to develop targeted
communication and intervention strategies to improve
vaccination rates in these populations. These efforts
contributed to a measurable increase in vaccine
coverage, demonstrating how RWE can be used not
only to predict disparities but also to implement
solutions aimed at closing gaps in healthcare access
and outcomes.

3.4 Challenges and biases in leveraging real-world
evidence

Leveraging real-world evidence (RWE) in

biostatistical analysis presents several challenges,
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particularly when it comes to data quality, selection
biases, and confounding factors. One of the primary
difficulties in using RWE is the variability in data
sources, which may include electronic health records
(EHRs), insurance claims, or public health databases.
These data often lack the consistency and rigor of
randomized controlled trials (RCTs) (Sherman et al.,
2016). For example, EHRs are prone to missing or
incomplete information, especially in underserved
populations where healthcare access is limited, leading
to gaps in the data. Additionally, the non-standardized
nature of real-world data can introduce significant
measurement errors, resulting in biased estimates of
disease prevalence or health disparities (Makady et al.,
2017).

Selection bias is another prominent issue when
utilizing RWE, as the populations represented in real-

world datasets may not be fully representative of the
broader population. In many cases, individuals who
seek healthcare services are more likely to be included
in RWE datasets, which can skew the analysis toward
those with more frequent healthcare access (Karsh et
al., 2010). For instance, low-income individuals or
those living in rural areas may be underrepresented,
creating an incomplete picture of health disparities in
infectious disease outcomes. This is particularly
problematic when analyzing diseases such as HIV or
tuberculosis, where healthcare access plays a crucial
role in both treatment outcomes and disease
progression (Diez Roux, 2012). Thus, biostatisticians
must carefully account for these selection biases
through statistical adjustments or weighting
techniques to ensure accurate results.

Table 2: Key Challenges and Solutions in Real-World Evidence (RWE) Analysis for Biostatistics

Challenge

Description Example

Potential Solution

Data Quality

compared to RCTs

\Variability in data sources;EHRs with missing or incomplete
lack of consistency and rigorfinformation, especially in underserved [cleaning and validation
populations

Implement rigorous data|

processes; use multiple
data  sources for
Cross-
\verification

Selection Bias
in datasets

Non-representative populationsOverrepresentation of individuals with |Apply statistical
frequent healthcare access;
underrepresentation of low-income or ftechniques to account for
rural populations

adjustments or weighting

underrepresented groups

Confounding Factors |Difficulty in isolating trueSocioeconomic status, education, and |Utilize
effects of interventions or risklenvironmental exposures influencing |statistical techniques like
factors both exposure and outcome in
infectious disease studies

advanced

propensity score
matching or instrumental
\variable analysis

Measurement Errors [Non-standardized nature of |Inconsistent recording of disease
prevalence or health disparities across|standardized data

real-world data leading to
biased estimates

Develop and implement

collection protocols; use
statistical

Confounding is another challenge in RWE analysis,
particularly in observational studies where numerous
variables can influence both the exposure and the
outcome. Without randomization, it becomes difficult
to disentangle the true effects of interventions or risk
factors from other variables that may be influencing
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the results (Vandenbroucke & Pearce, 2012). For
example, in the context of infectious diseases, factors
such as socioeconomic status, education, and
environmental exposures may confound the
relationship between public health interventions and
disease outcomes. Advanced statistical techniques,
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such as propensity score matching or instrumental
variable analysis, are often necessary to control for
these confounders and minimize bias (Rosenbaum &
Rubin, 1983). Despite these challenges, RWE remains
a valuable tool in public health research, offering
insights that are more generalizable to real-world
populations than traditional clinical trials.

IV. PUBLIC HEALTH INTERVENTIONS AND
THEIR IMPACT ON DISPARITIES

4.1 Overview of public health interventions targeting
infectious diseases

Public health interventions targeting infectious
diseases play a critical role in reducing morbidity and
mortality by curbing the spread of infections and
mitigating health disparities across populations. These
interventions are designed to address various stages of
the disease transmission cycle, from prevention to
treatment. Vaccination programs, for instance, are
among the most effective public health interventions,
having significantly reduced the incidence of diseases
such as measles, polio, and smallpox globally (Andre
et al., 2008). The success of vaccination campaigns is
underscored by the World Health Organization’s
(WHO) estimate that immunization prevents between
two to three million deaths annually. More recently,
the rollout of COVID-19 vaccines provided a clear
demonstration of the importance of large-scale
immunization in combating global health crises, with
over 11 billion doses administered worldwide as of
2022 (World Health Organization, 2022).

Another critical intervention is the implementation of
hygiene and sanitation programs, which target the
environmental factors that contribute to the spread of
infectious diseases. Programs promoting clean water,
sanitation, and hygiene (WASH) have been
particularly effective in reducing the prevalence of
waterborne diseases such as cholera and dysentery,
particularly in low- and middle-income countries
(Bartram & Cairncross, 2010). These interventions
have been shown to reduce diarrheal diseases by up to
40 percent, with further reductions observed when
coupled with educational campaigns promoting
handwashing and food safety (Fewtrell et al., 2005).

In addition to vaccination and sanitation efforts, public

health interventions targeting infectious diseases often
include the distribution of medical treatments such as
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antiretroviral therapy (ART) for HIV and antimalarial
drugs for malaria. ART has dramatically improved
survival rates for HIV patients, particularly in sub-
Saharan Africa, where the epidemic has been most
severe (Lundgren et al., 2015). By 2020, over 27
million people were receiving ART globally,
significantly reducing HIV-related mortality and
transmission rates (UNAIDS, 2021). These medical
interventions,  supported by  public  health
infrastructure, underscore the importance of targeted
efforts to address the specific needs of populations
affected by infectious diseases.

4.2Measuring the methods effectiveness of

interventions using biostatistical
Measuring the effectiveness of public health
interventions is essential to determine their impact and
ensure that resources are being used optimally.
Biostatistical methods play a critical role in this
evaluation process by providing quantitative tools to
analyze data and draw meaningful conclusions. One
common approach is the use of randomized controlled
trials (RCTs), which are considered the gold standard
in intervention evaluation. In RCTSs, participants are
randomly assigned to either an intervention group or a
control group, allowing for the measurement of the
direct effects of an intervention while minimizing
biases. Biostatistics is integral to the design and
analysis of RCTs, helping to estimate parameters such
as the relative risk reduction, the number needed to
treat (NNT), and confidence intervals, all of which
provide insight into the effectiveness of interventions
(Sullivan, 2012).

Apart from RCTs, observational studies such as cohort
and case-control studies are also valuable in measuring
the effectiveness of interventions, particularly when
RCTs are not feasible due to ethical or logistical
reasons. Biostatisticians use methods such as
propensity score matching and regression analysis to
control for confounding variables and estimate causal
relationships between interventions and health
outcomes. For example, in evaluating the impact of
HIV treatment programs, survival analysis can be
employed to assess patient survival rates over time,
taking into account factors such as age, comorbidities,
and adherence to treatment (Hernan, 2010). This
method allows for a more nuanced understanding of
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how effective the interventions are in real- world
settings.

Furthermore, biostatistics is critical in conducting
cost-effectiveness  analyses of public health
interventions, which compare the relative costs and
health outcomes of different strategies. Techniques
such as incremental cost-effectiveness ratios (ICERS)
help quantify the cost per additional quality-adjusted
life year (QALY) gained by an intervention, enabling
policymakers to make informed decisions about

Cost-
Effectiveness
Analyses
30%

Observational _—"

Studies
30%

resource allocation. These methods were widely used
during the COVID-19 pandemic to compare different
vaccine distribution strategies, helping health
authorities allocate limited resources in the most
efficient way possible (Neumann et al., 2021). By
integrating biostatistical methods into the evaluation
of interventions, public health officials can ensure that
interventions are not only effective but also equitable
and sustainable.

Randomized
Controlled Trials
(RCTs)

40%

m Randomized Controlled Trials (RCTs)
® Observational Studies
B Cost-Effectiveness Analyses

Figure 9: Measuring the Effectiveness of Public Health Interventions

The above pie chart illustrates the key approaches used
to assess public health interventions, weighing the
balance between different methods. Randomized
Controlled Trials (RCTs), which are regarded as the
gold standard in intervention evaluation, represent
40% of the analysis. Observational Studies, commonly
used when RCTs are impractical, account for 30%,
while Cost- Effectiveness Analyses contribute another
30%, ensuring resources are optimally allocated to
maximize health outcomes.

4.3 Case studies of successful interventions and their
impact on reducing health disparities
Case studies of successful public health interventions
demonstrate the tangible impact of these efforts in
reducing health disparities, particularly in vulnerable
populations. One such example is the President’s
Emergency Plan for AIDS Relief (PEPFAR), which
was launched in 2003 to combat HIV/AIDS, primarily
in sub-Saharan Africa. PEPFAR has provided

IRE 1706413

antiretroviral therapy (ART) to over 20 million people
by 2020, significantly reducing HIV-related mortality
and mother-to-child transmission rates in the region. A
study evaluating the program's impact found that the
implementation of ART through PEPFAR decreased
the HIV-related death rate by 43% in targeted
countries (Powers et al., 2020). This intervention has
played a pivotal role in addressing the disproportionate
burden of HIV/AIDS in sub-Saharan Africa and has
contributed to closing the gap in health outcomes
between high-income and low-income populations.

Another prominent case is the Global Polio
Eradication Initiative (GPEI), which began in 1988
and has made significant strides in reducing the global
burden of polio. Through coordinated vaccination
campaigns, GPEI has successfully reduced the number
of polio cases by over 99%, from 350,000 cases in
1988 to fewer than 100 cases annually in recent years
(World Health Organization, 2020). The program has
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been particularly effective in reaching children in low-
income regions where health disparities are the most
pronounced. In Nigeria, for example, GPEI's targeted
vaccination efforts led to the country being declared

polio-free in 2020, marking a critical milestone in
reducing health disparities caused by infectious
diseases (Ahmed et al., 2020).

Table 3: Successful interventions on Health Disparites and their Impacts

Initiative (GPEI)

cases by over 99%
(from 350,000 in
1988 to fewer than
100 annually in
recent years)

Nigeria declared
polio-free in 2020

Public Health Target Issue Key Outcomes Impact on Health Disparities
Intervention

President's HIV/AIDS in Provided ART tolReduced disproportionate burden of
Emergency Plan [sub-Saharan over 20 millionHIV/AIDS in sub- Saharan Africa, closing
for AIDS Relief  |Africa people by 2020 gap between high- income and low-income
(PEPFAR) Decreased HIvpopulations

related death rate by

43% in targeted

countries
Global PoligPolio Reduced polio Effectively reached children in low-income
Eradication worldwide regions, reducing disparities in  polio

incidence

Tuberculosis (TB)
Control Program in
Peru

Tuberculosis
in Peru

Implemented
WHO's Directly]
Observed
Treatment, Short-
Course (DOTYS)
strategy

Reduced TB
mortality by 66%
between 1990 and
2010

Narrowed the gap in health outcomes
between impoverished and wealthier
populations

A third case is the tuberculosis (TB) control program
in Peru, which has been successful in reducing TB
incidence and mortality rates through a combination of
public health interventions. Peru implemented the
World Health Organization's Directly Observed
Treatment, Short-Course (DOTS) strategy, which
includes supervised administration of medication to
ensure adherence. The program reduced TB mortality
by 66% between 1990 and 2010, significantly
narrowing the gap between the health outcomes of
impoverished populations and wealthier segments of
society (Suarez et al., 2011). These case studies
highlight the importance of sustained public health
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interventions in reducing health disparities and the role
of data-driven strategies in achieving equitable health
outcomes.

4.4 Role of biostatistics in optimizing intervention
strategies
Biostatistics plays an essential role in optimizing
public health intervention strategies by providing a
robust framework for the analysis of data and the
evaluation of outcomes. Through advanced statistical
techniques, researchers are able to identify trends,
model health outcomes, and assess the effectiveness of
interventions in a scientifically rigorous manner. For
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instance, regression models allow for the prediction of
health outcomes based on key variables such as age,
socioeconomic status, and geographical location,
thereby facilitating targeted interventions. By
leveraging biostatistical tools, public health authorities
can design more effective strategies to reduce health
disparities and ensure that resources are allocated to
the populations that need them most.

Moreover, the use of biostatistics in randomized
control trials (RCTs) provides clear evidence of the
impact of interventions on health outcomes. For
example, biostatistical analysis of RCTs has been
instrumental in evaluating the efficacy of vaccines,
antiretroviral treatments, and sanitation measures. In a
study on tuberculosis control programs, the
application of statistical techniques demonstrated a
50% reduction in disease incidence in areas where the
Directly Observed Treatment, Short-Course (DOTYS)
strategy was implemented, compared to regions
without such interventions (Cohen et al., 2020). These

Data
Analysis

Identify
Trends
Model Health
Outcomes

Evaluation
of Outcomes

Biostatistics in
Public Health

Optimization

findings highlight the importance of biostatistics in the
continuous monitoring and refinement of public health
strategies to ensure optimal outcomes.

Additionally, biostatistics enhances decision-making
processes by integrating real-world evidence (RWE)
with clinical trial data, leading to a more
comprehensive understanding of intervention impacts.
The integration of RWE from electronic health records
and patient registries allows for the assessment of
long-term intervention outcomes and the identification
of potential biases in clinical trials (Rothwell, 2005).
This approach not only refines intervention strategies
but also helps in identifying areas where disparities
persist, thereby supporting continuous improvement in
public health efforts. Ultimately, the application of
biostatistics in public health interventions helps in
reducing inequalities and improving health outcomes
for disadvantaged populations.
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Identi
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Persistent
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RWE with

linical Trial
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Effectivel
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Interventions

Ultimate Goal:
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Figure 10: Biostatistics in Public Health Interventions

This block diagram above serves as a useful overview
for public health professionals, policymakers, and
researchers to understand the integral role of
biostatistics in  designing, implementing, and
optimizing public health interventions. It captures the
complex role of biostatistics in public health, from
initial data analysis to the implementation and
refinement of intervention strategies. It also
emphasizes how biostatistical tools contribute to
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evidence-based decision-making, targeted
interventions, and the ultimate goal of reducing health
disparities and improving outcomes for disadvantaged
populations.
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V. FUTURE DIRECTIONS

5.1Emerging trends in biostatistics for predicting
health disparities
Emerging trends in biostatistics for predicting health
disparities highlight the growing importance of
integrating advanced analytical methods to enhance
predictive accuracy and address disparities more
effectively. One notable trend is the increasing use of
Bayesian statistical models, which offer the ability to
incorporate prior knowledge and uncertainty into
predictions, making them particularly useful in
complex population-based health data (Gelman et al.,
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2013). These models allow for more accurate
stratification of populations by accounting for
different social determinants of health, such as
socioeconomic status, race, and geographical location,
which are critical factors in health disparities. For
instance, Bayesian methods have been successfully
employed to predict the incidence of infectious
diseases like tuberculosis, especially in marginalized
communities, where conventional  frequentist
approaches may fail to account for underlying biases
and uncertainties (Idoko et al., 2024).

Predicting
incidence of
diseases

/

Bayesian
statistical
_— models

N
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prior
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uncertainty
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by social
——— determinants

Figure 11: Block Diagram Showing Emerging Trends in Biostatistics for Predicting Health Disparities

This diagram effectively captures the interconnected
nature of modern biostatistical approaches,
highlighting how traditional statistical methods are
being enhanced by machine learning and big data
technologies to provide more comprehensive and
personalized insights in healthcare and medical
research

In addition to Bayesian models, machine learning

(ML) algorithms are becoming increasingly relevant
in the field of biostatistics for health disparities. ML
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approaches,  particularly  supervised learning
algorithms such as random forests and support vector
machines, can analyze large, multidimensional
datasets from electronic health records (EHRs) and
other real-world evidence sources. These methods
excel at identifying non-linear relationships between
health outcomes and predictors, allowing researchers
to detect disparities that may not be obvious through
traditional methods. Recent studies have shown that
integrating ML with conventional statistical
approaches has improved the identification of racial
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disparities in the progression of diseases such as
HIV/AIDS (Obermeyer et al., 2019). However, it is
crucial to acknowledge that while ML holds promise,
it is not without challenges, particularly regarding
algorithmic biases that could inadvertently reinforce
existing disparities if not carefully managed (Barda et
al., 2020).

As biostatistical methods continue to evolve, there is a
growing emphasis on the use of big data to enhance
predictive models. The proliferation of health data
from diverse sources, including wearable devices and
genomic databases, has enabled the development of
more granular and personalized predictions of health
disparities. These datasets allow for stratified analyses
across different demographic groups, providing a
more nuanced understanding of the factors
contributing to health disparities. For example,
genomic data has been instrumental in identifying
genetic predispositions to certain infectious diseases in
specific ethnic groups, further highlighting the role of
biostatistics in addressing health disparities (Burgess
et al., 2015). These emerging trends underscore the
importance of combining traditional biostatistical
approaches with modern data science techniques to
advance the field and ultimately reduce disparities in
health outcomes.

5.2 Integrating machine learning and advanced
analytics in biostatistical models

The integration of machine learning and advanced
analytics into biostatistical models has revolutionized
the ability to predict health outcomes and disparities
(Figure 10). By leveraging the computational power of
ML algorithms, biostatisticians can now analyze vast
datasets that traditional statistical methods may

Mathematics

Statistics

struggle to handle. Supervised learning techniques,
such as random forests and gradient boosting, have
proven particularly effective in predicting disease
outcomes and identifying risk factors in diverse
populations (Rajkomar et al., 2019). These methods
are adept at handling non-linear relationships and
high-dimensional data, which are common in real-
world health datasets, including electronic health
records (EHRs) and genomic databases. For example,
ML models have been utilized to predict
cardiovascular disease risks in underrepresented
populations by analyzing complex interactions
between lifestyle factors, genetic markers, and
environmental influences (Topol, 2019).

Despite the advantages, integrating ML into
biostatistical models also presents challenges. One of
the primary concerns is the potential for bias,
particularly when training data is not representative of
all demographic groups. For instance, algorithms
trained predominantly on data from high- income
populations may underperform or yield inaccurate
predictions when applied to lower- income or minority
populations. This is particularly concerning in the
context of health disparities, as biased models can
exacerbate existing inequalities rather than mitigate
them (Vokinger et al., 2021). To address this issue,
researchers are increasingly combining ML with
traditional statistical methods, such as regression
models, to ensure that predictions remain interpretable
and sensitive to underlying biases. Hybrid approaches
allow for a balance between the predictive power of
ML and the transparency of conventional methods,
fostering more equitable health outcome predictions.

Machine learning

Artificial Intelligence

-
A €J‘

Figure 12: Integration between conventional statistics and machine learning (Dhillon et al., 2022)
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Advanced analytics, including deep learning and
natural language processing (NLP), further enhance
the predictive capabilities of biostatistical models.
Deep learning models, which utilize neural networks,
are particularly powerful for analyzing complex
patterns in large datasets. They have been applied in
fields such as oncology to predict cancer outcomes
based on imaging data, achieving accuracy rates that
surpass traditional methods (Esteva et al., 2017). NLP,
on the other hand, has been used to extract meaningful
insights from unstructured clinical data, such as
physician notes and patient histories, thus broadening
the scope of data that can be analyzed for health
disparities (Wu et al., 2016). By integrating these
advanced analytics techniques, biostatisticians can
develop more robust and inclusive models that account
for a wider range of health determinants, ultimately
contributing to more accurate and equitable health
predictions.

5.3 The future role of big data and artificial
intelligence in public health

The future of public health is increasingly intertwined
with the use of big data and artificial intelligence.
These technologies have the potential to transform
public health by enabling more accurate, real-time
predictions of disease outbreaks, improving
personalized healthcare, and enhancing health equity.
Big data, defined by its volume, velocity, and variety,
provides comprehensive datasets from sources such as
electronic health records (EHRs), genomic data, and
social media, offering unprecedented opportunities to
track health trends across populations (Raghupathi &
Raghupathi, 2014). When combined with Al tools
such as machine learning algorithms, big data can
facilitate predictive modeling of public health
outcomes, as evidenced by Al's ability to forecast flu
outbreaks with remarkable accuracy by analyzing
millions of data points (Tamerius et al., 2015). This
capability is critical for rapidly identifying and
addressing public health threats, particularly in low-
resource settings where timely data collection is
challenging.
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Artificial intelligence also plays a pivotal role in
advancing precision public health, where interventions
can be tailored to specific populations based on
individual-level data. By integrating Al-driven
analytics with traditional epidemiological methods,
public health agencies can develop targeted
interventions  that  consider  socio-economic,
environmental, and genetic factors (Topol, 2019). Al
is particularly valuable for analyzing complex, multi-
dimensional datasets that are typical in public health
research, such as those related to chronic diseases or
multi-factorial health disparities. Machine learning
models, for instance, have been used to predict
cardiovascular disease risks in specific demographic
groups with high accuracy, allowing for more precise
prevention strategies (Rajkomar et al., 2019).
However, the use of Al in public health must be
approached with caution, as biases in training data or
model development can potentially reinforce existing
health disparities, particularly for marginalized
communities.

Looking forward, the integration of big data and Al
will be central to the development of global health
systems. Al can analyze vast and diverse health data
in real-time, enabling more efficient resource
allocation and improving global health surveillance.
For example, during the COVID-19 pandemic, Al-
powered tools were used to predict disease spread,
assess healthcare capacity, and optimize vaccine
distribution, demonstrating Al’s potential to enhance
public health preparedness and response (Bullock et
al., 2020). Moreover, as wearable devices and mobile
health technologies continue to proliferate, Al's role in
processing data from these sources will expand,
offering more dynamic, real-time insights into
population health. These developments underscore the
importance of integrating ethical Al frameworks and
ensuring data privacy, as public trust is vital for the
successful implementation of Al in public health.
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Table 4: The Role of Big Data and Al in Shaping the Future of Public Health

media

- Real-time health trend
tracking

Technology Applications Benefits Challenges

Big Data - Comprehensive - More accurate- Data collection in
datasets from EHRs, disease outbreak| low-resource settings
genomic data, social  predictions - Ensuring data

-lImproved personalized
healthcare

- Enhanced
equity

health

privacy and security

- Integration with Al
forpredictive modeling

- Rapid identification
ofpublic health threats

Artificial Intelligence

- Machine learning
algorithms  for
predictive modeling

- Analysis of complex,

multi-  dimensional
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- Integration with
traditional
epidemiological
methods

Precision public
health interventions

Targeted strategies
based on socio-
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genetic factors

- Improved
cardiovascular
disease risk
prediction

F  Potential
reinforcement of
existing health
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F  Biases in training data
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development

Al in Global Health
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- Real-time analysis of
vast and diverse health
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Maintaining public
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spread - Enhanced public health
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Wearable Devicesand |- Data collection for Al - More dynamic, real-- Integration of data
Mobile Health processing time insights into] from diverse sources
Technologies - Real-time  health | populationhealth L Ensuring  data
monitoring - Expanded datasources privacy and security

for public health

analysis

CONCLUSION

role

6.1 Summary of key findings and recommendations
for future research
The key findings of this review highlight the
of advanced biostatistical
methods, machine learning, and artificial intelligence

in predicting health disparities and improving public
health outcomes. Emerging trends in biostatistics,
such as the incorporation of Bayesian models and ML
algorithms, provide enhanced predictive accuracy and
the ability to handle large, complex datasets. These
approaches enable researchers to identify and address
disparities that were previously difficult to quantify,
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especially in  marginalized populations. The
integration of Al and big data further amplifies the
potential of public health interventions, offering real-
time, data-driven insights that can guide health policy
decisions and interventions tailored to specific
populations (Bullock et al., 2020). However, it is
crucial to ensure that these technologies are employed
in an equitable manner, as biases in data and
algorithms can reinforce rather than mitigate health
disparities.

Future research should prioritize the development of
ethical frameworks for using Al and big data in public
health. While these technologies offer significant
benefits, their implementation must be aligned with
principles  of  fairness,  transparency, and
accountability. Studies have shown that the efficacy of
Al-driven models can be compromised if training data
lacks diversity, thereby amplifying existing
inequalities. Addressing these challenges requires not
only more diverse datasets but also interdisciplinary
collaboration between biostatisticians, ethicists, and
public health professionals to ensure that Al-driven
tools are equitable and accessible to all populations.
Further, research should explore how Al and ML
models can be combined with traditional
epidemiological methods to improve both predictive
power and interpretability in public health contexts.

Also, future studies should focus on optimizing the use
of real-world evidence (RWE) to inform public health
strategies. Leveraging RWE, such as data from
electronic health records (EHRs) and social
determinants of health, has been shown to improve
health outcome predictions and tailor interventions
more effectively. Expanding access to high-quality,
representative datasets will be essential to furthering
the accuracy of predictive models and reducing health
disparities globally. Moreover, research into the
integration of wearable technologies and mobile
health platforms will be vital for advancing real-time
public health surveillance, particularly in low-resource
settings where health infrastructure is limited. These
findings underscore the importance of continuing to
invest in innovative research at the intersection of Al,
biostatistics, and public health to foster equitable
health outcomes.
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