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ABSTRACT

Predictive analytics is an emerging approach in public health that leverages data-driven methodologies,
statistical modeling, and machine learning to anticipate and mitigate disease outbreaks. By analyzing
historical and real-time data, predictive analytics enables decision-makers to implement proactive
measures, allocate resources efficiently, and enhance public health responses. This paper examines the
scope of predictive analytics, key data sources, and the various statistical and machine learning models
used in outbreak prediction. Additionally, it presents case studies showcasing successful applications and
discusses the ethical challenges and limitations of predictive analytics in public health. The study
emphasizes the importance of integrating predictive models into public health decision-making while
addressing data quality, privacy, and equity concerns.
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INTRODUCTION

Data drives decision-making across numerous public health sectors and is supported by growing
technological advances in various domains. Public health gains are more likely to occur when using data-
driven approaches to anticipate relevant events. Predictive analytics involves anticipating future events
based on current and historical data. In public health, much of the interest lies in anticipating when the
next person will experience an avoidable negative health event. Once the occurrence can be anticipated, a
series of monitoring, prevention, and therapeutic actions can be taken by decision-makers. The outcome
of applied predictive analytics within public health can be leveraged for resource allocation to the
jurisdictions anticipated to have the maximum public health needs; used in smart public health
intelligence systems; supplemented with additional modeling to help in policy development; and
leveraged for general public health decision support [1, 27. Predictive analytics is broadly defined as
computationally intensive modeling methodologies. Within predictive analytics, there is a wide variety of
advanced analytics and tools that contribute to predicting health-related outcomes. Tools range from out-
of-the-box algorithms and normalizing health data patterns to analyzing patterns within spatial-temporal
trends. Both sides of the predictive analytics continuum contribute to developing the tools that can be
used for public health decision analysis in various types of public health big data. It is a growing and
dynamic field: the techniques are shifting and gaining complexity in tandem with the increasing volumes
of electronic health data. The new tools developed within a predictive analytics framework are
particularly vital as there is a unique and timely need for public health analysis to inform the current
ongoing and progressively increasing demands on regional public health services around the world. In
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times of emerging public health crises causing population movement, we need analysis now in the current
rapidly warming globe 8, 47.

Definition and Scope of Predictive Analytics
Predictive analytics leverages statistical techniques, algorithms, and machine learning to forecast future
events or behaviors. In predictive analytics, past and current data are input into models that then
generate and test multiple guesses or hypotheses to produce risk determinations. The discussion of
predictive analytics focuses on its application in public health, facilitating the anticipation of emerging
health threats. In public health, predictive analytics is multidisciplinary, drawing on expertise from
statistics, computer science, and epidemiology. Public health benefits greatly from the timely and accurate
analysis of data for making quick evidence-based decisions rather than anecdotal or intuition-based
assumptions [5, 6. Predictive analytics forms the highest layer of analysis with the potential of
proactively anticipating adverse health outcomes and engaging in activities that may make a difference.
The three general layers of analytics visualization informatics used in data analysis are: 1) Descriptive
Analytics: answering the question—what happened? 2) Diagnostic Analytics: answering the question—
why did it happen? 3) Predictive Analytics: answering the question—what is likely to happen?
Descriptive analytics is an interpretation of data that highlights important characteristics, patterns,
trends, and associations in data; diagnostic analytics are research methods used for the determination of
potential causal relationships between identified patterns and outcomes, events, or associations in data.
Predictive analytics is the analysis and interpretation of data using statistical or machine learning
techniques to generate models and predict the likelihood of future events or outcomes. In healthcare, it
involves using patients' electronic health records of the past and present to predict hospital readmission,
adverse events, nosocomial infections, mortality rates, disease tendencies, individualized healthcare costs,
and the efficacy of surgical management [7, 87.

Data Sources and Collection in Public Health
Starting with an understanding of the basics of public health and survival, data about demography,
morbidity, mortality, and other disease indicators is quintessential. During primary data collection,
surveys and interviews provide live data related to the demographic profile of the country’s population. A
wide range of data is collected live during interviews with women between 15 and 49 years of age.
Secondary data are data that have already been collected by others. These can include hospital records,
clinic records, morbidity records, police records, and death records. There is often a delay in the
availability of data, due to which the deductions made are not “live” for predictive study [9, 107]. Data
quality is important for analysis. Data source quality may range from clinical trials to insurance claims. In
a predictive application, data your model didn’t include may be lost forever. Make data reliable and ensure
adequate collection checking. Time is essential in the availability of data. Hospital data is immediately
available. Public health data are reliable but have delays. Emerging sources of data come from casual
informants or professionals, and rapid screening tests using emerging technologies. Traditional sources
of data in public health include telephone surveys, written surveys, personal interviews, and medical
reports when possible. These models furnish an “average” for the complete data set and exclude the live
diseased persons who are unable to or do not attend clinics. The rapidity of death syndromic surveillance
commenced after a significant event. Emergent sources of data for predictive studies are now available
from social media and mobile health applications. Although these data cannot just be evaluated without
the patient’s informed consent, a risk policy on data sharing between agencies has been made. It is
preferred to integrate various types of databases for your studies. You should also try to evaluate as many
new data mining tools and models. Data should be as fresh as possible to evaluate a service or an
epidemic. Key Messages: Reliance on routine data and classically collected data for predictive analytics
can lead to inaccurate predictions. Integrating varied data sets can enhance your analytics [11, 127].

Types of Data Sources

Different types of data sources can be used in the analysis. In general, for public health purposes, they are
forensic or surveillance data. In this paper, we focus mostly on non-forensic data, which include clinical
and epidemiological data and health survey data. Clinical data are collected in medical facilities and are
mostly related to acute diseases. Longitudinal clinical cohorts are established for this type of data, and the
European patients' data generate a substantial mass of such information. Health survey data are often
interlinked with electronic health records or claims data rich in socioeconomic and environmental factors.
Population-based patient registries or clinically mapped patient registries are other examples of clinical
data. Non-forensic data that are usually not shared for public health currently are derived from wellness
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programs, phone applications, sensors, etc. With some exceptions, all of the data sources are
heterogeneous. Most of them are managed by different governmental institutions or agencies in charge of
public health in individual countries. Some are managed by international platforms, which mostly cluster
data collated by international or supranational regional or national public health agencies. A long list of
governmental and non-governmental data repositories can be found [13, 147. In public health,
epidemiological or clinical information generated from real-time data sources that directly reflect the
status of the event can be used for early effect detection, selection of test populations, or response measure
monitoring. Historical data sources have been used as long as public health has existed. The oldest
registries include death registries and communicable disease registries. From the very beginning, the
value of the geographic presentation of the information on communicable disease registries was
recognized in the form of cholera and plague geographic mapping. Geospatial data nowadays must be
gathered from very diverse sources. Studying the Internet for disease tracking using a broad information-
monitoring platform based on a range of themes is a relatively new option. Collecting and processing data
manually from the interviews was very time-consuming. Nowadays, we can use web-based interviews or
questionnaires that save time and also ensure a standardized approach, yet the challenges in that are the
multiplicity of data sources, data integration, real-time monitoring, and provision of feedback. Data
aggregated from diverse sources differ in terms of representativeness of the population, data quality, and
available data sources. Public health stakeholders interested in data to be analyzed should collaborate
with institutions, organizations, communities, etc., having a reporting system based primarily on their
social mission [15, 167].
Statistical and Machine Learning Models for Disease Outbreak Prediction

Forecasting disease outbreaks can involve analyzing past patterns, developing predictive models within a
given context, and validating predictions. In contrast to traditional statistical models that require data
conforming to certain characteristics, predictive disease models tend to involve large and complex
multivariate datasets and have shifted towards machine learning methods. For public health, machine
learning is typically used to generate indicators or scores that can be interpreted in the context of the
public health problem at hand. Most machine learning models can obtain checks and metrics, especially in
cases of changing datasets obtained from real-time feeds and databases. These models can be categorized
into three groups. The first group contains statistical and machine learning techniques that aim to
describe the frequency distribution and the accumulation of disease counts over time. This includes time
series analysis and regression models for infectious disease surveillance. The second group tries to predict
the severity of the outcome of an event in the future. Hence, they are not used for making real-time
forecasts. The third group consists of classification algorithms, which have an outcome in the form of
classes labeled as either one event or a non-event. This includes machine learning algorithms that lend
themselves to detecting either rare or emerging patterns from a data stream. In public health, this mainly
seeks the development of methodologies that help in real-time early detection of outbreaks of infectious
conditions and forecasting their impacts [17, 187]. Models that detect outbreaks provide an assessment of
past outbreaks rather than a prediction. Similarly, models that report “sentinels” also do not forecast.
They report the status or condition of a predetermined criterion. The primary advantage of using such
detection models lies in their ability to detect outbreaks of unknown conditions or modes of attack
promptly. Until a few years ago, the use of statistical tools for forecasting the significance of outbreaks or
their trends was a mere dream for both developing and developed countries. Advances in statistical and
machine learning techniques have led to the development of efficient forecasting tools. The main
advantage of such techniques is that these models are dynamic and adaptive to the data, provided the
nature of the model does not change. An accurate understanding of the problem and available resources
can help us decide and develop the best model using the most appropriate method. Time series analyses
have been applied to monitor and forecast the spread of respiratory and gastrointestinal diseases such as
whooping cough and influenza from various countries around the globe. These models are not restricted
to indicators from human illness and can also predict the onset of epidemics for infectious and non-
infectious diseases, ranging from animal warts outbreaks to chicken-related illnesses. Some of the
following models have handled more than 1,000 outbreaks per day and thus are proficient in segregating
true alarms from this range of outbreaks. Some of these models also provide measures of uncertainty for
these alarms and have been applied to some biological warfare scenarios where resources were stretched
and hence provided never-reported cases of dead bodies being used to check for outbreaks. A few of the
mechanisms used by these modeling tools include the use of Granger causality to find the linkages and
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trigger epidemic models. Some of these tools also use adaptive models that learn from previous thresholds
and hence can be used in varied conditions [19, 207.
Commonly Used Models
A variety of machine learning and statistical models have been applied to the problem of capturing
heterogeneities in the data associated with disease outbreaks, with many of these models combining data
types or forecast methods.
SIR: This process-based model includes susceptible, infectious, and recovered states and can be expanded
to include exposed or severe compartments of disease. Application: The SIR model has been used to
predict outbreaks of diseases. Special Characteristics: This model operates at the individual level and can
simulate the course of an outbreak when relevant data are unavailable. Applications: SIR-like models have
been used to forecast infectious disease outbreaks, including influenza and cholera. Special Characteristics:
This method may be more versatile for non-herd diseases. Case Example: A forest distal extreme learning
machine, which combined a random forest with neural network hidden layer computations, concluded
that their model outperforms the current state-of-the-art hindcasting model [21, 227.
Random Forests: A statistical model designed to reduce overfitting to a random subset of the original
data.
Application: This model is commonly used in disease ecology and forecasting. Special Characteristics:
Recent research suggests that the random forest does not improve forecasts over autoregression for
known mechanisms of disease systems. Applications: In bioterrorism literature, a rolling self-organizing
max TSS neural network was used to predict smallpox outbreaks. Special Characteristics: The network
size was increased optimally to include 36 agents, but the method was not extensively validated. Case
Example: Logistic regression was used to forecast an anthrax outbreak. Special Applications: Research
used a hybrid cost of illness approach to estimate the marginal cost impact of a smallpox outbreak [23,
247.
Case Studies and Applications in Disease Outbreak Prediction
To demonstrate how data science approaches have been or could be used operationally to predict disease
outbreaks, we present key case studies. This review focuses on: (1) how different data sources have been
leveraged to forecast outbreaks of different diseases and in different settings; (2) the upstream and
downstream implications arising from predictive approaches. The review also identifies challenges to
translating effective predictions into operational public health responses [25, 267]. This case study reflects
an application of data science predictive methods within the public health sphere to "predict the
unpredictable" — emerging infectious diseases. In contrast to the preceding examples, this study adopted
a more formal modeling approach that utilized multiple data sources and integrated models. Likely due to
the novelty and uncertainty of influenza during the time of this study, no formal evaluation was
conducted. The last part of this study is a review of the potential impacts of using such predictions with
public health practice. In some cases, the methods were not (or could not be) formally evaluated, and as
such, no performance results are presented. In others, successful predictions were obtained to various
degrees of success and for more advanced time pairs. Overall, several themes emerged from this review
for predicting emerging infectious diseases: (1) predictions can affect the preparedness and response
measures implemented in health; (2) timely prediction is imperative; (3) collaboration between decision-
makers and data scientists is critical to making predictions actionable [27, 287].
Challenges and Ethical Considerations in Predictive Analytics for Public Health
Despite the potential of predictive analytics in public health, its use presents several challenges as well as
ethical considerations. One of the main technical problems is the quality of the data used by predictive
models, as well as the limited accuracy of their predictions. Added to that, prediction models are typically
developed on single data sources, making it difficult to integrate predictions obtained from different
sources of heterogeneous data. Moreover, there is a risk of misinterpretation of the results: predictive
analytics can identify associations but do not decode mechanisms of causation, possibly leading to
potentially inappropriate public health decisions. There are also technical challenges including data
quality, inadequate performance of predictive models, the dynamic nature of populations and pathogens,
limited generalizability of findings, difficulties in the integration of predictive scores in health practice,
and the complex relationship between theory and data applied in predictive modeling [29, 307]. In
addition to these, many ethical issues have also been raised, such as privacy legislation or
recommendations, concerns about informed consent, and the quality and integrity of data for which
individuals or societies are responsible. Concerning health domains, crucial are possible biases and the
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opaqueness of algorithms. Critics often point to the risk that this mechanism will operate to the
disadvantage of groups already burdened by a social and economic burden. From a public health
perspective, transparency is crucial in the use of data in order to establish and maintain public trust.
Especially for, but not limited to, problems of infectious diseases, different social, economic, and structural
disparities should always be considered. Finally, the use of data mining has some considerations that
make it difficult both conceptually and operationally in practice. Standardizing predictive analytics in the
public domain can ensure both high-quality data and a high degree of validity of such knowledge. It is
crucial to recognize the role of predictive analysis for public health as an area of promoting stakeholders'
competence and an evidence-based public domain. It provides important knowledge to guide or offer
policy and decision-making. Moreover, best practices and ethical guidelines can also offer support for
researchers, funders, policymakers, journal editors, and referees in public health to balance technological
developments with ethical practices. It can highlight the need to integrate predictive data analysis into
interventions. There is a need to include predictive models in data systems to increase the overall
understanding of health and risks. It may also help prepare future health professionals. In all the toolkits
mentioned above, policymakers, health practitioners, and professionals use predictive models for
knowledge exchange and decision-making. Setting out an ethical framework aims to ensure greater
protection and commitment to the rights and public interest of individuals.

CONCLUSION

Predictive analytics plays an important role in modern public health by enabling the early detection and
prevention of disease outbreaks. By leveraging diverse data sources, statistical methods, and machine
learning models, public health officials can make informed decisions to mitigate health crises. However,
the field faces challenges, including data quality, ethical concerns, and model reliability. Addressing these
challenges through standardized frameworks, interdisciplinary collaboration, and ethical guidelines will
enhance the effectiveness and credibility of predictive analytics. As technology advances, integrating
predictive analytics into public health systems will be vital for improving global health security and
preparedness against future outbreaks.
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