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Abstract: Emerging infectious diseases are a major concern to public health in the United States, requiring advanced
surveillance technologies for early diagnosis and response. The incorporation of artificial intelligence (Al)-driven
predictive analytics into syndromic surveillance represents a game-changing technique that uses big data, machine
learning, and real-time health indicators to improve disease outbreak detection. The purpose of this review is to explore
Al-driven predictive analytics in syndromic surveillance, emphasizing its ability to increase early detection of emerging
infectious diseases in the United States. The findings indicate that Al-driven predictive analytics increases the speed,
accuracy, and scalability of syndromic surveillance. Al-powered methods, such as deep learning and natural language
processing, may identify anomalies in symptom patterns, monitor disease progression, and predict epidemics more
accurately. However, with the proper safety measures in place, Al has the potential to transform public health
surveillance, increasing likely national preparedness for emerging infectious disease threats.
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I INTRODUCTION how a single emerging pathogen can cause global
disruption, resulting in loss of life, economic downturns, and

Emerging infectious diseases (EIDs) are a serious and
recurrent threat to global public health, with the potential to
inflict widespread morbidity, mortality, and economic
disruption. EIDs are particularly referred to as diseases that
have recently appeared in a community or have existed but
are rapidly increasing in incidence or geographic
distribution ((McArthur, 2019; Ramon-Torrell, 2023).

Specifically, genetic mutations, zoonaotic
consequences, climate  change, urbanization, and
international travel can all contribute to the spread of these
diseases. Major EIDs include: severe acute respiratory
syndrome (SARS), Middle East respiratory syndrome
(MERS), Ebola virus illness, Zika virus, and, most recently,
Severe Acute Respiratory Syndrome (SARS)-CoV-2
(COVID 19), with outbreaks characterized by an
unpredictable nature of infectious diseases requiring
effective surveillance systems capable of swiftly detecting
and responding to potential threats (Rahman et al., 2020;
Sharan et al., 2023). The impact of EIDs extends beyond
public health, affecting economies, healthcare infrastructure,
and social stability. The COVID-19 pandemic confirmed
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strained healthcare resources (Sabin et al., 2020; Shang et
al., 2021). Given these challenges, there is a pressing need
for improved surveillance mechanisms capable of detecting
potential outbreaks before they escalate.

Early diagnosis of infectious diseases is critical for
preventing  outbreaks, minimizing public  health
consequences, and lowering expenditures (Maclntyre et al.,
2023). However, early detection of illness clusters enables
health officials to execute containment measures such as
contact tracing, quarantine protocols, and targeted
immunizations before widespread transmission begins (Mei
et al.,, 2022). Therefore, the more rapidly an outbreak is
discovered, the better resources can be directed to prevent
future spread, saving lives and decreasing healthcare system
burdens.

In addition, existing surveillance methods, while
useful, are frequently limited in speed and accuracy due to
their reliance on human reporting and laboratory-confirmed
diagnoses. These processes can cause large delays, allowing
infectious diseases to spread unnoticed (Meckawy et al.,
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2022). Furthermore, new pathogens may cause unusual
symptoms, making standard diagnostic procedures less
effective. In contrast, Artificial Intelligence (Al)-powered
predictive analytics improves early detection by constantly
analyzing large datasets such as electronic health records
(EHRs), social media trends, pharmacy sales, and
environmental factors (Zhao et al., 2024). Al algorithms
detect barely noticeable trends that may suggest an
approaching outbreak, providing an early warning signal
that allows public health organizations to respond
proactively (Macintyre, et al., 2023; Hughes et al., 2020).
Al-powered predictive analytics redefine syndromic
surveillance by enabling faster, more accurate, and
comprehensive illness identification. Syndromic
surveillance is the monitoring of health-related data to detect
probable illness epidemics before laboratory confirmation
(McClymont et al., 2024).

Syndromic surveillance wuses indicators including
emergency department visits, diagnosis, over-the-counter
drug sales, and absenteeism reports (Hughes et al., 2020).
However, these strategies are frequently reactive rather than
proactive, detecting epidemics after establishing a position
in the population. Al improves syndromic surveillance by
analyzing large volumes of structured and unstructured data
from diverse sources, such as medical records, genomic
sequencing, search engine queries, and even wearable
device data (Suwvari & Kandi 2024). Machine learning
algorithms can detect anomalies and correlations that may
signal an emerging infectious disease event. For instance,
natural language processing techniques can analyze
physician notes and public health reports to identify
common symptoms (Ekundayo, 2024). As Al advances, its
inclusion into syndromic surveillance may create
opportunities. Effective deployment necessitates
coordination among public health agencies, healthcare
providers, data scientists, and policymakers to ensure that
Al-powered surveillance is compatible with existing
healthcare infrastructures and regulatory frameworks (Ali,
2024). This review therefore explores Al-driven predictive
analytics in syndromic surveillance, emphasizing its ability
to increase early detection of emerging infectious diseases in
the United States.

1. OVERVIEW OF SYNDROMIC
SURVEILLANCE IN THE UNITED STATES

Syndromic surveillance is an important public health
approach for detecting and monitoring disease outbreaks by
analyzing health-related data before a conclusive diagnosis
can be made (Hyllestad et al., 2021). In this form of
surveillance, routine health-related data is collected,
analyzed, and interpreted to provide information for public
health action. Most of these data are symptoms and clinical
indicators recorded by patients and professionals, rather than
microbiologically or clinically proven cases (Smith et al.,
2019).
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Prior to the introduction of syndromic surveillance,
disease monitoring in the United States was mostly reliant
on conventional epidemiological methods. The Centers for
Disease Control and Prevention was a key player in public
health surveillance, gathering morbidity and mortality data
from healthcare providers and laboratories (Nsubuga et al.,
2006; Lee, 2011).

The 1990s resulted in the emergence of formal
syndromic monitoring projects in the United States, driven
by advances in information technology and increased fears
about bioterrorism (Lazarus et al., 2002; Borio et al., 2015).
An application of syndromic surveillance was the use of
electronic data from emergency departments to follow
respiratory infections. In which the New York City
Department of Health and Mental Hygiene built an early
syndromic surveillance system that monitored emergency
department visits for influenza-like illnesses, foodborne
infections, and other public health concerns (Heffernan et
al., 2004). The terrorist attacks on September 11, 2001, and
the related anthrax attacks later that year resulted in a
considerable expansion of syndromic monitoring in the
United States (Hughes & Gerberding, 2002). The fear of
bioterrorism increased the importance of early identification
of potential biological threats, motivating federal investment
in monitoring systems (Das & Kataria, 2011). An initiative
established in 2003 was the CDC's BioSense program,
developed to collect and analyze real-time health data from
emergency departments, laboratory results, and pharmacy
sales to detect potential bioterrorism events and illness
epidemics (Loonsk, 2025). The system attempted to provide
early warning signs by detecting odd patterns in patient
visits for symptoms such as fever, respiratory distress, or
gastrointestinal disease. BioSense eventually evolved
beyond bioterrorism surveillance to encompass monitoring
of naturally occurring infectious diseases including
influenza and foodborne outbreaks (Meckawy et al., 2022).

Previously, disease surveillance was mostly based on
laboratory-confirmed cases and official medical reports;
however, syndromic surveillance focuses on recognizing
patterns in symptoms, behaviours, and health indicators that
may indicate a developing infectious illness (Shen et al.,
2025). This strategy is most beneficial in the early phases of
an outbreak when swift action is required to prevent broad
transmission. Therefore, the purpose of syndromic
monitoring is to give real-time or near-real-time insights that
allow public health organizations to respond proactively
rather than waiting for confirmed diagnoses, which may
arrive too late to successfully control an outbreak.

> Al-Enhanced Surveillance Systems

As Al and big data analytics have advanced,
syndromic surveillance has become a more sophisticated
and predictive tool. Al-enhanced surveillance systems use
machine learning algorithms, natural language processing
(NLP), and data integration approaches to analyze massive
volumes of structured and unstructured health data,
providing early warning of infectious disease epidemics
(Jiao et al., 2022).
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In the United States, Al-powered syndromic
surveillance systems have gained popularity due to their
capacity to interpret real-time data from a variety of sources,
including EHRs and environmental data (Jiao et al., 2022).
These technologies improve traditional monitoring methods
by increasing the speed, precision, and efficiency of
outbreak identification, bolstering the nation's public health
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response. The rising application of artificial intelligence in
syndromic surveillance is especially important in dealing
with the growing threat of emerging infectious illnesses
such as COVID-19, influenza, and new zoonotic viruses
(Zhang et al., 2023). Table 1 below shows the various Al
methods that have been applied to surveillance .

Table 1: Syndromic Surveillance Systems Enhanced by Al

Method Application Source
Predictive Al-driven surveillance can forecast potential future outbreaks by analyzing Zhao et al., 2024;
analytics historical data, seasonal patterns, and emerging health trends. For example, Al Malik et al., 2020

models can assess climate conditions, population mobility, and past disease
outbreaks to predict the likelihood of future epidemics.

Integrate diverse
data sources

Al-enhanced surveillance systems integrate diverse data sources, including internet
searches, social media discussions, wearable health device data, and wastewater
surveillance, to provide a more comprehensive picture of public health trends and
are swift in reporting lags.

Suvvari & Kandi
2024; Miller et al.,
2025

Automated
pattern
recognition

Al-enhanced surveillance systems can extract relevant health information from
structured data (such as hospital records) and unstructured data (such as physician
notes or social media posts). By identifying linguistic patterns associated with
disease symptoms, Al can detect subtle signals of an outbreak.

Varnosfaderani &
Forouzanfar, 2024;
Bajwa et al., 2021

Real-Time data
processing

Al algorithms can analyze large datasets in real-time, detecting illness trends and
abnormalities faster than already existing reporting methods. This feature enables
earlier detection of epidemics, allowing public health officials to implement
containment measures before the disease spreads significantly.

Zhao et al., 2024;
Alowais et al., 2023

Automated alerts

Al-powered systems can generate alerts for healthcare providers and public health
officials when they detect unusual spikes in disease-related data. These alerts
provide actionable insights and help decision-makers respond more effectively to
potential outbreaks.

Maclntyre et al.,
2023; Shen et al.,
2025

1. EARLY DETECTION OF EMERGING

version of ESSENCE, ESSENCE II, conducts integrated

INFECTIOUS DISEASES

Syndromic surveillance has emerged as an important
component of public health planning in the United States,
particularly in the light of global health concerns such as
COVID-19, influenza, and emerging zoonotic illnesses
(Sharan et al., 2023). Modern syndromic surveillance
systems improve the ability of the nation to detect outbreaks
before they turn into major public health problems by
combining Al, machine learning, and big data analytics
(Jiao et al., 2022). Therefore, the capacity to analyze large
amounts of real-time health data provides an advantage in
identifying disease trends and implementing timely
interventions.

Particularly, the basic purpose of syndromic
monitoring is to identify possible disease outbreaks before
they spread. Hence, by detecting anomalous increases in
disease-related symptoms, public health officials ensure
early warnings and undertake control measures to avoid
further spread (Meckawy et al., 2022). ESSENCE is an
example of a syndromic surveillance system deployed by
the United States Department of Defense and the Johns
Hopkins University Applied Physics Laboratory. The initial
version of ESSENCE, ESSENCE |, is still in use around the
world to monitor army soldiers at all United States military
medical facilities (Burkom et al., 2021). The most recent
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surveillance by evaluating deidentified data from the
National Capital Region's military and civilian health
departments. In summary, users can view data and findings
in a variety of formats, such as a map of the geographic
distribution of data given by users, clusters derived from
scan statistics, or lists of warnings emitted following
detection processes (Lombardo et al., 2004).

Early detection of an infectious disease epidemic can
have a substantial impact on public health outcomes by
allowing for faster responses, slowing disease spread, and
reducing healthcare system burdens (Meckawy et al., 2022).
The sooner a disease is discovered, the more efficiently
governments and health organizations may deploy medical
resources, such as vaccines, antiviral medications, and
hospital equipment, to affected people (CDC, 2024). Early
detection is particularly critical for protecting vulnerable
populations, such as the elderly, immunocompromised
adults, and young children, who are more likely to suffer
severe sequelae from infectious diseases (Sydnor & Perl,
2011). Rapid detection of epidemics enables targeted actions
such as quarantines, social distancing measures, and public
health advisories, which can help contain the disease before
it spreads further. As such, early warning systems assist
global disease monitoring efforts by enabling countries to
collaborate on disease management policies and share
crucial epidemiological data.
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Historically, infectious disease detection was based on
passive monitoring systems, in which healthcare
professionals reported diagnosed cases to public health
authorities, relying on retrospective data to identify
outbreaks and track disease patterns.. This approach
frequently includes laboratory testing, medical record
analysis, and direct patient assessments authorities (Nsubuga
et al., 2006). These surveillance approaches are successful
for well-established diseases although they have various
disadvantages, including delayed case reporting, a lack of
real-time data, and underreporting due to limited healthcare
infrastructure in some areas. To detect new infectious
diseases, health organizations use active surveillance, which
involves proactively searching for cases through community
health screenings and epidemiological studies (lbrahim,
2020). Thus, this strategy necessitates tremendous labor,
financing, and logistical planning, making it difficult to
implement on a big scale. Furthermore, asymptomatic or
moderate infections such as COVID-19 in its early stages
often go unnoticed, allowing the disease to spread
undetected.

» Data Sources and Integration for Al-Driven Syndromic
Surveillance

The success of Al in syndromic monitoring is heavily
reliant on the quality, variety, and integration of structured
and unstructured data sources. Electronic health records
(EHRs) and clinical data as well as environmental and
geospatial data, are among the sources. Therefore, by
analyzing these data streams collectively, Al systems can
identify patterns, anomalies, and possible outbreaks more
effectively than other approaches.

e Electronic Health Records (EHRs) and Clinical Data

Al-driven syndromic surveillance relies primarily on
EHRs and clinical data. EHRs provide structured and
unstructured patient information, including demographics,
clinical diagnoses, laboratory results, medication histories,
and physician notes, which can be processed using machine
learning and natural language processing (NLP) techniques
to detect early signs (Samaras et al., 2023).

One of the primary benefits of employing EHRs in
syndromic surveillance is their capacity to collect real-time
clinical data. Al systems can analyze symptom patterns,
abnormal test results, and spikes in certain diagnoses, such
as influenza-like disease or pneumonia, to detect possible
outbreaks before they spread. For example, during the
COVID-19 pandemic, hospitals noticed anomalous spikes in
respiratory symptoms and fever cases in EHRs before broad
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testing became available, indicating early warning
indications of the outbreak (Reeves et al., 2021).
Furthermore, NLP approaches can be utilized to extract data
from unstructured clinical notes created by healthcare
providers. Physicians frequently chronicle initial concerns of
developing disorders before scientific findings are available.
Al models can use these free-text comments to find patterns
and notify public health professionals of potential hazards
(Sezgin et al., 2022). Therefore, combining EHR data from
several institutions and healthcare networks improves the
ability to analyze disease trends at the regional and national
levels, offering useful insights for public health decision-
making. However, the utilization of EHRs in Al-driven
syndromic surveillance poses several obstacles (Ehrenstein
et al., 2020). Data standardization, interoperability between
different healthcare systems, and patient privacy concerns
must all be addressed in order to maximize the effectiveness
of EHR-based surveillance. Nonetheless, advances in health
data integration and safe data-sharing protocols improve Al
systems' ability to use EHRs for real-time disease
identification.

e Environmental and Geospatial Data

Environmental and geographic data are essential
components of Al-driven syndromic surveillance because
they provide information about the external factors
impacting disease outbreaks. Environmental factors like
temperature, humidity, air quality, and water contamination
are frequently associated with infectious diseases. Al
models use these characteristics, coupled with
epidemiological data, to forecast and track disease spread
(Zhao et al., 2024). Climate data, for example, can aid in the
prediction of vector-borne illness epidemics such as malaria
and dengue fever, both of which thrive in warm, humid
environments (Mojahed et al., 2022). Satellite imagery and
remote sensing technology can track environmental changes
like deforestation and urbanization, which provide new
habitats for disease-carrying organisms (Ennouri et al.,
2021). Al-powered models use this data to determine the
likelihood of epidemics in certain geographic areas.
Geospatial data, such as population density, travel patterns,
and human mobility, are also important for syndromic
monitoring. Al algorithms use anonymized mobile phone
location data, transportation records, and aircraft patterns to
model disease transmission within and between populations.
During the COVID-19 pandemic, geolocation data assisted
public health officials in tracking the movement of infected
people and implementing targeted lockdowns (Zhao et al.,
2024).
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Laboratory data

Diagnostic (notifiable diseases

reports) and pre-diagnostic data

(including orders for specific or
nonspecific microbiological

tests).

Demographic data

Including vital statistics (birth
and death). school and work
absenteeism.

Drug sales data from
pharmacy chains

Including the type and quantity
of drug sold.

Disease-

surveillance

Data from hospitals and their
laboratories

Including chief complaints,
hospital discharge data and
notifiable diseases report.

Data collected by physicians

Including medical records
(symptoms and signs) and
notifiable diseases reports.

Other types of data

Including web queries, informal
rumors, telephone triage
hotlines data, environmental
and animal health data...

Fig 1: Data Sources for Syndromic and Disease-Specific Surveillance Systems (Abat et al., 2016)

Furthermore, wastewater surveillance has emerged as
an effective technique for detecting infectious diseases. Al-
powered examination of sewage samples can detect viral
genetic material such as SARS-CoV-2, serving as an early
warning system for outbreaks. This approach has been
utilized successfully in numerous countries to detect
COVID-19 in communities before clinical cases emerge.
While environmental and geospatial data can provide
valuable insights, issues such as data accessibility,
integration difficulty, and ethical considerations must be
addressed. Al-powered models must strike a balance
between the benefits of predicted accuracy and the
requirement to safeguard individual privacy and ensure
responsible data usage.

V. SYNDROMIC SURVEILLANCE AND
PREDICTIVE ANALYTICS

According to Hughes et al., (2020), syndromic
surveillance is the real-time collection and analysis of
health-related data to predict potential disease outbreaks
using symptom patterns rather than laboratory-confirmed
diagnoses. This approach is especially beneficial for
detecting emerging infectious diseases that do not currently
have a well-established testing regimen. Al-powered
syndromic monitoring systems use data from various
sources, such as emergency department visits, online
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symptom checks, and medication sales, to detect outbreaks
early on (Meckawy et al., 2022).

Al-powered predictive analytics has transformed the
context of syndromic surveillance, dramatically enhancing
the ability of public health systems to detect and respond to
new infectious diseases. Al improves disease detection
speed, accuracy, and scalability by combining machine
learning, big data analytics, and real-time data sources,
allowing for more proactive intervention tactics (Zhao et al.,
2024). Despite its benefits, Al-powered surveillance
confronts significant problems, such as ethical and privacy
concerns, data bias, model interpretability, and integration
with current public health infrastructure (Jeyaraman et al.,
2023). Therefore, a balanced strategy is required to
maximize the benefits of Al while tackling its limits to
provide equitable, dependable, and ethical disease
surveillance.

> Speed, Accuracy, and Scalability

A benefit of Al-driven predictive analytics in
syndromic surveillance is its capacity to detect illness
outbreaks earlier than traditional monitoring approaches.
Conventional disease surveillance is based on physician
reports, laboratory confirmations, and epidemiological
evaluations, which can lead to delays of days or even weeks
before an epidemic is officially recognized (Macintyre, et
al., 2023). Al systems, on the other hand, can analyze
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massive volumes of real-time data, such as EHRs, social
media activity, internet search trends, and wearable health
data, in order to detect abnormal disease patterns in hours or
days.

Al also improves disease identification accuracy by
combining data from numerous sources to create a more
complete picture of public health trends. Machine learning
algorithms can recognize intricate relationships between
symptoms, environmental conditions, and demographic
data, which improves the accuracy of outbreak predictions
(Olawade et al., 2023; (Alowais et al., 2023).

In addition, existing disease monitoring approaches are
frequently limited by geographical coverage, necessitating
physical presence and active reporting from healthcare
facilities (Zeng et al., 2021). However, Al-powered systems
can monitor global disease patterns by processing massive
volumes of publicly available data, allowing for real-time
surveillance at both the local and worldwide levels (Zhao et
al., 2024). This scalability ensures that areas in the United
States, including remote or underdeveloped areas
worldwide, can benefit from early warning systems without
requiring an enormous healthcare infrastructure.

V. CONCLUSION

Al-powered predictive analytics is a potential
technique for syndromic monitoring, improving the early
detection of new infectious illnesses in the United States.
The incorporation of Al into syndromic monitoring provides
various benefits, including greater speed, accuracy,
scalability, and predictive capabilities, all of which are
critical for timely public health responses and effective
disease control. However, to effectively harness the
potential of Al-driven predictive analytics for syndromic
monitoring, collaboration among policymakers, public
health officials, Al researchers, and healthcare practitioners
is required. Governments and public health organizations
must prioritize ethical Al deployment, data security, and
transparency, while also encouraging interdisciplinary
collaborations that bridge the gap between technology and
public health.

Al-powered syndromic monitoring promises a
paradigm shift in public health preparation by providing
proactive and data-driven approaches to illness
identification and outbreak response. Therefore, by tackling
present difficulties and appropriately utilizing Al, the United
States may improve associated early warning systems,
increase pandemic preparedness, and protect public health
from future infectious disease threats.
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