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Abstract

Artificial Intelligence (AI) has emerged as a promising approach to enhance
disease surveillance and support outbreak prediction in public health. Conven-
tional surveillance systems, while foundational, are often limited by reporting
delays, under-detection, and challenges in handling large and complex data
streams. Recent advances in Al including machine learning, natural language
processing, and deep learning offer new opportunities to address these limita-
tions by enabling automated case detection, syndromic surveillance, real-time
anomaly detection, and predictive modeling. This review synthesizes current
evidence on Al-driven approaches to disease surveillance and outbreak predic-
tion, focusing on methodological frameworks, data sources, and applications
across infectious disease contexts. Key Al-based surveillance strategies, out-
break prediction models, and forecasting techniques are discussed alongside
emerging data sources such as electronic health records, environmental data,
mobility data, and digital media. The review also highlights challenges related
to data quality, interpretability, ethical considerations, and integration with
traditional surveillance systems. By summarizing existing knowledge, this re-
view aims to inform future research and support the responsible adoption of
AI technologies in public health surveillance and outbreak preparedness.
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1. Introduction

A disease outbreak is defined as the occurrence of disease cases exceeding the level
normally expected within a specific community, geographical area, or time period.
Such outbreaks are sustained by infectious agents transmitted through direct hu-
man-to-human contact, exposure to animal reservoirs or environmental sources,
or via insect or animal vectors. Human behavioural factors frequently contribute
to the transmission and amplification of these events. Timely detection and re-
porting of outbreaks are essential to reducing their adverse public health, social,
and economic consequences.

Epidemic-prone diseases, including both emerging and re-emerging infections,
represent a major threat to public health security and pose substantial risks to so-
cial and economic stability. From 1996 to 2023, over 3000 infectious disease out-
breaks were documented globally, with the Democratic Republic of Congo, China,
and Saudi Arabia reporting the highest frequencies. Influenza was the most re-
ported outbreak, followed by Ebola and Middle East respiratory syndrome-related
coronavirus. In 2023, dengue reached unprecedented levels, with approximately
five million cases and 5000 deaths worldwide. Fatality rates differed markedly by
disease, with the highest mortality observed for Marburg virus (76.86%), followed
by haemorrhagic fevers (63.63%) and Ebola (63.00%). These trends highlight the
broad geographic spread and variable severity of infectious disease outbreaks, un-
derscoring the need for robust global surveillance systems and targeted public
health interventions [1]. Over the past two decades, countries of the Eastern Med-
iterranean region have experienced a notable increase in the frequency of outbreaks
and pandemics caused by emerging and re-emerging diseases, including Alkhurma
haemorrhagic fever, chikungunya, cholera, dengue, avian influenza A/H5N1, in-
fluenza A/H1N1 2009 pandemic, and Rift Valley fever. These challenges have been
further intensified by ongoing acute and chronic humanitarian crises affecting
many countries in the region [2].

Public health surveillance is the continuous and systematic collection, analysis,
and interpretation of health-related data that are fundamental to the planning,
implementation, and evaluation of public health practice, together with the timely
dissemination of this information to authorities responsible for disease prevention
and control. Its goal is to generate information that supports health-related ac-

tions by public health professionals, policymakers, and the public, thereby inform-
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ing the development and implementation of public health policies and programs.
Public health surveillance is used to identify affected individuals and their contacts
for appropriate treatment and intervention to detect epidemics, emerging health
problems, and changes in health-related behaviours to estimate the magnitude
and scope of health conditions, measure temporal trends and characterize disease
patterns, monitor changes in infectious and environmental agents, evaluate the
effectiveness of public health programs and control measures, and to support hy-
pothesis generation and stimulate further research [3].

Traditionally, public health surveillance has been based on manual approaches
and epidemiological models derived from mathematical frameworks in epidemi-
ology [4]. These methods rely on the systematic collection and analysis of data
from sources such as healthcare facilities, laboratory testing, and case reporting
systems. Although effective in many settings, they are constrained by challenges
including reporting delays, under-detection of cases, and limited scalability. More-
over, manual approaches have difficulty managing the large and rapidly expand-
ing volumes of data produced in modern, digitally connected environments and
lack the capacity to rapidly accommodate confounding and external variables that
do not follow predictable or linear patterns [4].

Traditional disease-specific surveillance systems depend on data reported by
healthcare facilities and diagnostic laboratories and are based on the collection of
structured, predefined information on infectious disease events. However, this in-
dicator-based surveillance approach is often limited by resources, time, and re-
porting constraints, which can lead to incomplete data, particularly for emerging
infectious diseases [5].

AT has the potential to address these challenges by enhancing traditional public
health surveillance approaches. AI comprises a set of computational methods, in-
cluding machine learning, natural language processing, computer vision, and
deep learning, developed to support data analysis, prediction, and automation of
tasks that have traditionally required human input. Machine learning, as a core
component of Al, enables the identification of patterns and generation of predic-
tions from data, while natural language processing facilitates the examination of
unstructured textual information from multiple sources. These techniques have
demonstrated considerable promise in applications such as disease detection, risk
assessment, and outbreak modeling [4].

Technological advancements have increasingly been explored as solutions to
the limitations of conventional surveillance systems, with approaches including
advanced analytical techniques, Al, the Internet of Things (IoT), remote sensing,
and molecular tools that have the potential to strengthen surveillance capacity.
These innovations enable real-time monitoring, early detection of anomalies, and
enhanced prediction of outbreak risk. Additionally, point-of-care diagnostics, tel-
emedicine, and digital contact tracing tools can substantially improve the timeli-
ness and efficiency of outbreak response efforts [5].

Al and big data have emerged as transformative tools in infectious disease sur-

veillance, enabling the systematic collection and analysis of data related to trans-
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mission dynamics, risk factors, and clinical outcomes. These capabilities support
the identification of high-risk populations, monitoring of disease spread, and pre-
diction of potential outbreaks, thereby strengthening early intervention efforts
and improving the allocation of healthcare resources [5].

The aim of this narrative review is to examine and synthesize existing literature
on Al-driven approaches in disease surveillance and outbreak prediction, with
particular emphasis on their methodological foundations, applications, and data
sources. It also focuses on Al-based methods used in public health surveillance
and outbreak prediction, including automated case detection, syndromic surveil-
lance, real-time anomaly detection, and predictive modeling approaches. It covers
machine learning-based outbreak prediction models, time-series forecasting
methods, and spatial and spatiotemporal analyses. In addition, the review exam-
ines the diverse data sources supporting Al-driven surveillance systems, such as
electronic health records, environmental and climate data, mobility data, and dig-
ital and social media data. The scope also includes a comparison between Al-driven
and conventional surveillance approaches, as well as discussion of ethical, legal,
and practical challenges associated with the implementation of AI in public health

contexts.

2. Artificial Intelligence—Based Disease Detection
Methodologies

Automated case detection involves the application of computational methods to
identify disease cases using routinely collected electronic health data, with the aim
of minimizing reliance on manual case identification.

Studies have shown that automated detection systems using electronic clinical
notes can achieve good performance and maintain transferability across healthcare
systems in influenza surveillance, supporting their potential application in large-
scale surveillance settings [6].

A study by Lake et al [7] examined the application of machine learning meth-
ods within an operational syndromic surveillance system. The authors evaluated
machine learning as a tool for computer-assisted human decision-making when
assessing statistical alarms generated by syndromic surveillance detection algo-
rithms. The study reported that machine learning models could be used to sup-
port classification of alarm decision outcomes within the risk assessment pro-
cess.

Agarwal et al [8] demonstrated the feasibility of real-time anomaly detection
in COVID-19 reporting time-series data using a neural network-based framework
combined with a binary classification model. The approach was applied to sur-
veillance reporting data from U.S. states, including Pennsylvania and California,
and focused on identifying reporting anomalies. The authors discussed several av-
enues for future work, including extending the method to finer spatial and tem-
poral scales and exploring its potential role in improving forecasting by address-

ing reporting anomalies.
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3. Al-Based Outbreak Prediction and Forecasting

Time-series analysis complements classical epidemiological models by supporting
both prediction and forecasting in epidemiological research. Prediction refers to
explaining past and current observations based on internal and external influ-
ences, whereas forecasting involves estimating possible future values using model
predictive ability and hypothesized values of those influences. For straightforward
linear models such as Autoregressive Integrated Moving Average (ARIMA), time-
series approaches can be easier to implement than classical compartmental mod-
els such as SEIR model (Susceptible, Exposed, Infectious, Recovered), although
they are limited in forecasting horizon; their primary utility lies in achieving ac-
curate short-term predictions. In its basic form, time-series analysis does not re-
quire detailed theoretical knowledge of disease transmission mechanisms and in-
stead estimates relationships directly from observed data, enabling hypothesis
testing for factors that may influence epidemic dynamics, including interventions
such as school closures and the emergence of viral variants [9]. Applications of
time-series analysis include mortality and hospital risk estimation from new cases,
seroprevalence studies, assessment of emerging variants, and excess mortality es-
timation and analysis [9].

Moreover, an important component of epidemiology is Spatial analysis, with its
origins tracing back to early work linking geographic features to disease occur-
rence. The development of Geographic Information Systems (GIS) in the 1990s
substantially expanded the scope and application of spatial analysis in public
health by enabling spatial analyses and visualization techniques [10]. GIS technol-
ogy allows visualization of maps and assessment of spatial variability using dy-
namic information, including temporal information that changes over short peri-
ods [11]. These technological advances have encouraged the use of spatiotemporal
methodologies that incorporate both time and place in epidemiological research
[12].

On the other hand, a comparative study evaluating machine learning approaches
for COVID-19 outbreak prediction examined the performance of Multilayer Per-
ceptron (MLP) and Adaptive Neuro-Fuzzy Inference System (ANFIS) models in
modeling outbreak time-series data. The study reported that both machine learn-
ing models demonstrated higher generalization ability for long-term prediction
compared with standard epidemiological approaches. Given the complexity of
COVID-19 dynamics and variability across countries, the authors highlighted ma-
chine learning as a promising tool for outbreak time-series modeling, while em-
phasizing that the findings represent an initial benchmarking framework for fu-
ture research [13].

Zhang et al [14] developed a machine learning-based universal outbreak risk
prediction tool intended to predict outbreak risk across multiple diseases and
countries. The study used outbreak data from 43 diseases in 206 countries to build
a universal risk prediction system. The system employed five machine learning

models (Neural Network, XGBoost, Logistic Boost, Random Forest, and Kernel
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support vector machine (SVM)) that voted together to generate ensemble predic-
tions. Using economic, cultural, social, and epidemiological factors, the model
achieved approximately 80% - 90% accuracy, and performance was evaluated us-
ing three datasets designed to reflect different realistic situations. The authors re-
ported that the approach provided outbreak risk assessment that is not limited by
country borders or disease type and may facilitate rapid response, government

decision-making, and international cooperation.

4. Data Sources Supporting Al-Driven Surveillance and
Prediction

4.1. Electronic Health Records and Clinical Data

AT has become a central approach in the analysis of Electronic Health Records
(EHRs) for public health applications. Machine learning algorithms enable the
analysis of large-scale EHRs data to identify patterns and support disease trend
prediction. Natural language processing methods further enhance EHRs analysis
by extracting relevant information from unstructured clinical text, such as physi-
cians’ notes, allowing a more comprehensive understanding of patient health sta-
tus. In addition, deep learning techniques are increasingly applied to evaluate
complex EHRs datasets and generate accurate predictions, including forecasts of
patient outcomes such as hospital readmissions. These approaches have potential
public health applications, including informing policy decisions and identifying
population groups that may benefit from targeted interventions, such as vaccina-
tion strategies for vulnerable populations [15].

The integration of Al into EHRs analysis supports improved identification of
disease patterns, personalized treatment planning, and early outbreak detection,
thereby enabling more informed clinical and public health decision-making.
However, the use of AI for EHRs-based public health surveillance faces several
challenges. Prediction accuracy depends heavily on the quality, completeness, and
standardization of EHRs data, while data heterogeneity including unstructured
text, images, and time-series information adds complexity to model development.
Data privacy and security are critical concerns, requiring compliance with regu-
latory frameworks such as the Health Insurance Portability and Accountability
Act. Despite these challenges, AI-driven analysis of EHRs holds significant poten-
tial to enhance the effectiveness and precision of public health data analysis and
contribute to improved health outcomes at both individual and population levels
[15].

4.2. Environmental and Climate Data

Environmental data have been incorporated as inputs in machine learning-based
infectious disease surveillance systems. In a recent study by Oh et al [16] on food-
borne disease surveillance, environmental information was included alongside
wastewater microbiome and crowdsourced data within a data-driven machine

learning modeling framework. The environmental data consisted of meteorolog-
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ical variables, specifically wind-chill temperature, humidity, and sunshine rate,
which were treated as environmental predictors in the model. These variables
were integrated as input features during model development and were used in
combination with other data streams to support surveillance of foodborne infec-
tious diseases. The study demonstrates the feasibility of incorporating environ-
mental and climate-related variables into machine learning-based surveillance

models without isolating their effects from other contributing data sources.

4.3. Mobility and Population Movement Data

Mobility data have been incorporated into machine learning-based frameworks
to examine their association with infectious disease dynamics. In a hybrid ma-
chine learning study evaluating the COVID-19 pandemic, aggregated population
mobility data were integrated with demographic and environmental variables to
generate predictions of county-level COVID-19 case trends. The mobility data
represented temporal changes in population movement patterns and were ana-
lysed in relation to different COVID-19 control phases, including periods of lock-
down and reopening. These mobility indicators were used as input features within
a machine learning hybrid prediction framework, and the predicted case trends
were evaluated against reported COVID-19 case data to examine associations be-

tween mobility patterns and variations in case counts over time [17].

4.4. Digital and Social Media Data

Digital and social media data have been used as alternative data sources for in-
fectious disease surveillance. In a review of social media-based influenza sur-
veillance, user-generated textual data from digital platforms, particularly Twit-
ter, were analysed using machine learning and text-mining techniques. The re-
viewed studies utilized social media posts and user-generated messages to iden-
tify influenza-related signals and monitor influenza activity over time. Machine
learning classifiers were applied to process unstructured textual data and classify
content relevant to influenza-related activity. The review also describes multiple
challenges in using social media data for influenza detection and prediction, in-
cluding restrictions on data collection, large data volume, informal language and
spelling variations, heterogeneity of users, sampling bias, limitations in dataset
consistency, lack of accurate user location information, difficulties in defining
proxy populations, the presence of spam accounts, and challenges in evaluation
due to limited ground-truth data beyond CDC Illness-Like Influenza Surveil-
lance Network (ILINet) [18]. Although this approach is considered reliable, it is
often constrained by high cost and delayed reporting. Consequently, numerous
studies have focused on developing real-time analytical methods to monitor In-
fluenza-Like Illness (ILI) using alternative data sources. Social networking plat-
forms, particularly social media streams such as Twitter, offer timely and large-
scale data that can be leveraged to estimate influenza activity within popula-

tions. Analysis of these data has shown potential for anticipating trends in in-
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fluenza transmission and providing early warning signals ahead of traditional

surveillance systems [18].

5. Al System Implementation in Infectious Disease
Surveillance

AT has become a pivotal component of contemporary infectious disease surveil-
lance, offering advanced analytical capabilities that address the structural limita-
tions of traditional epidemiological systems. Conventional surveillance methods
often rely on delayed case reporting, fragmented data sources, and retrospective
analysis, which can impede timely public health responses. In contrast, Al-driven
systems leverage machine learning, deep learning, and Natural Language Pro-
cessing (NLP) techniques to analyze large volumes of heterogeneous data, includ-
ing electronic health records, laboratory results, environmental indicators, popu-
lation mobility data, and unstructured online information such as news reports
and social media content [5] [19] [20]. This capacity to integrate diverse datasets
enables earlier detection of anomalous disease patterns and supports near-real-
time situational awareness, which is critical for effective outbreak prevention and
control.

Empirical evidence demonstrates that Al-enhanced surveillance systems sub-
stantially improve early warning and predictive capabilities. Time-series forecast-
ing models, ensemble learning approaches, and recurrent neural networks have
been shown to outperform traditional statistical methods in predicting disease in-
cidence and temporal trends [19] [21]. Furthermore, NLP-based event detection
systems facilitate automated monitoring of multilingual media and digital sources,
allowing for the rapid identification of emerging health threats before formal no-
tification through official surveillance channels [22]. Systematic reviews consist-
ently report that Al applications enhance the sensitivity and timeliness of out-
break detection, particularly when combined with non-traditional data sources
such as wastewater surveillance and climate data [5] [20].

Al-based surveillance systems operate across multiple spatial scales, with im-
portant distinctions between regional and global implementations. Regional
surveillance systems typically focus on localized datasets, including hospital ad-
missions, diagnostic test results, and environmental sensor data, enabling high-
resolution detection of outbreaks and targeted public health interventions [19]
[21]. These systems are particularly valuable for supporting local decision-mak-
ing and optimizing resource allocation. In contrast, global Al surveillance plat-
forms aggregate data from multiple countries and regions, incorporating inter-
national travel patterns, global media reports, and cross-border epidemiological
information to identify transnational disease threats and assess pandemic risk
[6]. While global systems provide broader situational awareness, they face chal-
lenges related to data heterogeneity, reporting bias, integration difficulties, lan-
guage diversity, and interoperability across national health systems [5] [20] (Ta-

ble 1).
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Beyond general outbreak detection, AI has demonstrated significant value in
the surveillance of specific infectious disease categories, particularly vector-borne
and viral infections. Vector-borne diseases such as malaria, dengue, Zika, chikungu-
nya, and West Nile virus are strongly influenced by environmental and climatic
factors. Al-based models for forecasting disease risk and mapping its geographic
distribution use a variety of data sources to enhance prediction accuracy. These
sources include healthcare records, online search and behavioral data, environ-
mental and climate information, geographic and human mobility patterns, as well
as social media, news reports, and genomic data from pathogens. Additional in-
puts from environmental sensors and wearable devices can provide further con-
text on conditions that affect disease spread. By combining these diverse datasets,
Al systems can better anticipate areas at risk and support timely public health
actions [23].

AJ models have been widely applied to integrate satellite imagery, meteorolog-
ical variables, land-use data, and vector ecology information to predict disease risk
and geographic distribution [24]. These approaches enable spatial risk mapping
and seasonal forecasting, allowing public health authorities to implement proac-
tive vector control strategies in high-risk areas. Studies indicate that Al-based
models outperform conventional regression techniques in capturing complex,
nonlinear relationships that characterize vector-borne disease transmission dy-
namics [24] [25]. Al applications have also played a crucial role in the surveillance
of viral infections, including influenza, COVID-19, Ebola, and other emerging vi-
ral pathogens. In this context, AI-driven systems utilize time-series analysis, mo-
bility data, and NLP techniques to detect early signals of viral spread and estimate
transmission dynamics [20] [22]. During the COVID-19 pandemic, Al-powered
global surveillance platforms successfully identified abnormal patterns of viral ac-
tivity through the analysis of digital media and travel data prior to widespread
official reporting, underscoring their potential for early pandemic intelligence
[22]. Deep learning models have further been used to forecast viral incidence,
evaluate the impact of public health interventions, and support strategic planning

at both regional and global levels [21].

Table 1. Comparison of regional and global AI-based surveillance systems.

Dimension Regional AI Surveillance Systems Global AI Surveillance Systems

Geographic scope Subnational or national Multinational or global

Dat Local clinical records, laboratories, and environmen- Global media, international reports, travel and mobility
ata sources

tal sensors data
Primary objective Early detection of localized outbreaks Identification of emerging global threats and pandemics
Analytical focus High-resolution spatial and temporal modeling Broad pattern recognition across regions
Strengths Timely local response and targeted interventions Global situational awareness and preparedness
Key challenges Limited scalability Data heterogeneity and interoperability
Examples Al-assisted urban c[lis:]a[s;r]nonitoring systems Global digital surveillance[zlza]tforms such as HealthMap
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Collectively, these applications highlight AD’s capacity to shift infectious disease
surveillance from a reactive to a proactive paradigm. By enabling predictive risk
assessment rather than retrospective analysis, Al supports earlier intervention,
targeted prevention strategies, and more efficient use of public health resources
[5] [21]. Nevertheless, challenges remain regarding data quality, model interpret-
ability, ethical governance, and equitable representation of vulnerable popula-
tions, particularly in low- and middle-income countries where infectious disease
burdens are highest [5] [20]. Addressing these challenges will be essential to en-
suring that Al-driven surveillance systems are transparent, reliable, and globally

inclusive.

6. Comparison of Al-Based and Traditional Surveillance and
Prediction Methods

Al-based surveillance and prediction methods represent a substantial progression
beyond traditional infectious disease surveillance approaches, which typically de-
pend on passive case reporting, periodic aggregation of clinical data, and conven-
tional statistical analyses. Traditional methods, including syndromic surveillance
and compartmental or regression-based models, are frequently limited by reporting
delays, incomplete case capture, and restricted ability to represent complex and
nonlinear transmission dynamics [26]. In contrast, AI-driven surveillance systems
employ machine learning and deep learning algorithms that can process large-scale,
high-dimensional data in near real time, enabling earlier outbreak detection and
more precise forecasting [20]. Unlike conventional prediction models that rely pre-
dominantly on historical case counts, Al methods integrate diverse data streams
such as population mobility, environmental and climatic variables, genomic data,
and unstructured digital information thereby identifying subtle patterns and early
signals of disease emergence [22]. Moreover, Al-based models exhibit greater adapt-
ability, as they can be continuously updated and retrained in response to evolving
epidemiological conditions, whereas traditional models often require manual recal-
ibration and are less responsive to rapid changes in transmission dynamics [20].
Nevertheless, AI approaches are most effective when used in conjunction with tra-
ditional surveillance systems, which provide validated laboratory and clinical con-
firmation essential for public health decision-making [26]. This evidence supports
the adoption of hybrid surveillance frameworks that combine the robustness of con-
ventional epidemiology with the predictive power of Al to enhance accuracy, time-

liness, and preparedness in infectious disease control [22] (Table 2).

Table 2. Comparison of Al-based and traditional infectious disease surveillance methods.

Traditional Surveillance & Prediction

Dimension Al-Based Surveillance & Prediction Methods
Methods
Clinical reports, laboratory Multisource data (clinical, mobility, environmental,
Data sources . . . . .
confirmations, historical case counts genomic, digital media)

Timeliness

Often delayed due to reporting and

. Near real-time analysis and early signal detection
aggregation processes
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Continued

Analytical approach

Statistical models, rule-based systems,

. . Machine learning, deep learning, ensemble models
linear regression

Ability to model complexity

Adaptability

Limited capacity to capture nonlinear

. . Strong ability to model complex and nonlinear patterns
interactions

Manual model updates and recalibration ~ Continuous learning and dynamic model updating

Prediction accuracy

Moderate, dependent on historical trends Generally higher, particularly for short-term forecasting

High transparency and ease of

Int tabilit Variable; i lainable AI techni
nterpretability interpretation ariable; may require explainable Al techniques
Role in public health Provides Validatefi case .co.nﬁrmation and Enhances early warning, forecasting, and decision-making

official statistics support
Reporting delays, und ting, and Dat: lity d dence, potential bias, int tabilit
Limitations eporting delays, underreporting, an ata quality dependence, potential bias, interpretability

limited predictive scope challenges

7. Ethical, Legal, and Privacy Considerations in AlI-Based
Disease Surveillance and Outbreak Prediction

The implementation of artificial intelligence in infectious disease surveillance and
outbreak prediction raises significant ethical, legal, and privacy considerations
that must be carefully addressed. Ethically, AI systems process large volumes of
sensitive health and behavioral data, including clinical records, mobility patterns,
and digital traces, which may affect individuals or communities without their ex-
plicit consent [20] [27]. Algorithmic bias is another concern; models trained on
incomplete or unrepresentative datasets may generate inequitable predictions,
disproportionately affecting vulnerable populations [28]. From a legal perspec-
tive, Al surveillance must comply with data protection regulations such as the
General Data Protection Regulation (GDPR) or national health privacy laws, in-
cluding rules on data storage, cross-border sharing, and secondary use of infor-
mation for predictive modelling [27]. Privacy challenges are particularly pro-
nounced in outbreak prediction, where real-time monitoring and integration of
multiple data sources could inadvertently expose personally identifiable infor-
mation. Effective mitigation requires robust technical safeguards, including en-
cryption, anonymization, and privacy-preserving data architectures, alongside
governance mechanisms such as ethical review boards, transparent decision-mak-
ing processes, and public engagement [20] [28]. Overall, while Al can greatly en-
hance early detection and predictive capacity in disease surveillance, careful at-
tention to ethical principles, legal compliance, and privacy protection is essential
to ensure responsible and equitable application of these technologies [20] [27]
[28].

8. Challenges and Limitations of Al-Driven Approaches

AT has shown substantial potential in improving disease surveillance and outbreak
prediction by enabling rapid analysis of large, heterogeneous datasets to detect

early warning signals and forecast epidemic trends. However, the real-world ap-
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plication of Al-driven approaches faces several critical challenges and limitations.
One major constraint is data quality and availability, as surveillance data are often
incomplete, delayed, biased, or inconsistently reported, particularly in Low- and
Middle-Income Countries (LMICs), which undermines model accuracy and gen-
eralizability [29]. Additionally, many advanced AI models operate as black-box
systems, offering limited interpretability and making it difficult for public health
authorities to understand, validate, or trust model outputs for decision-making
[20]. To address this limitation, literature has proposed the use of explainable Al
techniques, such as Shapley Additive Explanations (SHAP) and Local Interpreta-
ble Model-Agnostic Explanations (LIME), which provide post-hoc insights into
feature contributions and improve the interpretability of complex models [30]
[31].

Algorithmic bias represents another significant concern, as models trained on
non-representative datasets may exacerbate existing health inequities and yield
unreliable predictions for marginalized populations [32]. Ethical and legal chal-
lenges, including data privacy, informed consent, and governance, further com-
plicate the integration of Al into surveillance systems, especially when sensitive
personal, genomic, or mobility data are involved [28] [33]. Furthermore, technical
and infrastructural limitations, such as lack of interoperability between health in-
formation systems, insufficient computational resources, and absence of stand-
ardized data frameworks, hinder scalable and real-time implementation of AI so-
lutions [29] [34].

Finally, excessive reliance on automated predictions without adequate human
oversight and multidisciplinary collaboration may result in false alarms or misin-
terpretation of results, emphasizing the need for cautious validation and integra-

tion with traditional epidemiological expertise [20].

9. Future Directions and Research Opportunities

Al is poised to play an increasingly influential role in the future of disease surveil-
lance and outbreak management by addressing long-standing limitations in tra-
ditional public health monitoring systems. Conventional surveillance approaches
often depend on delayed reporting, fragmented data sources, and manual analysis,
which can impede timely outbreak detection. Future research should therefore
focus on embedding Al technologies within national surveillance systems in ways
that enhance, rather than replace, established epidemiological practices. This in-
cludes the development of interoperable Al platforms capable of integrating di-
verse data streams such as clinical records, laboratory results, environmental in-
dicators, and population mobility data. Ensuring compatibility with national
health information infrastructures and public health workflows will be essential
for sustainable and effective implementation.

Another critical direction for research is the advancement of explainable artifi-
cial intelligence for outbreak prediction. While machine learning and deep learn-

ing models can capture complex, non-linear patterns associated with disease trans-
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mission, their opaque nature limits their utility in public health decision-making.
Explainable AI approaches offer a pathway to improve transparency by revealing
how specific variables contribute to predictions and alerts. Future work should
aim to design explanation methods that are meaningful to epidemiologists and
policymakers, allowing them to assess model reliability, validate predictions against
domain knowledge, and justify intervention strategies. Integrating explainability
with causal reasoning can further strengthen confidence in Al-generated insights
and reduce the risk of misleading conclusions.

The deployment of Al for disease surveillance in LMICs presents distinct re-
search opportunities and challenges. These settings often experience higher vul-
nerability to infectious disease outbreaks while simultaneously facing constraints
related to data quality, technical infrastructure, and human resources. Future re-
search should prioritize the development of Al models that are resilient to incom-
plete or irregular data and that can function effectively in resource-limited envi-
ronments. Lightweight algorithms, mobile-based systems, and context-specific
model adaptation are particularly relevant for LMICs. Equally important is the
emphasis on local capacity development, ensuring that Al systems are governed,
maintained, and adapted by domestic institutions to support long-term public
health resilience.

Policy and regulatory considerations will be central to the responsible expan-
sion of Al-driven disease surveillance. The use of large-scale health and non-
health data raises concerns related to privacy, data ownership, and potential mis-
use. Research is needed to inform policy frameworks that define ethical standards,
accountability mechanisms, and regulatory oversight for AI applications in public
health. This includes establishing guidelines for data sharing, algorithmic trans-
parency, and continuous performance evaluation after deployment. Clear and
adaptive regulatory structures can help balance innovation with public trust, en-
suring that AI technologies contribute positively to disease surveillance without
exacerbating existing inequities or ethical risks.

Opverall, future research on Al in disease surveillance should adopt an interdis-
ciplinary and context-sensitive approach that aligns technological innovation with
public health priorities. By focusing on system integration, explainability, equity
in low-resource settings, and robust policy frameworks, Al can evolve into a trust-
worthy and effective component of outbreak preparedness and response at both

national and global levels.

10. Conclusion

Al-driven approaches have the potential to substantially enhance traditional pub-
lic health surveillance by enabling real-time analysis, early outbreak detection, and
improved prediction using diverse and large-scale data sources. Compared with
conventional indicator-based systems, Al methods offer greater flexibility, scala-
bility, and capacity to capture complex and non-linear disease patterns. However,

challenges related to data quality, ethical governance, transparency, and integra-
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tion with existing surveillance infrastructure remain significant. Overall, AI should

be viewed as a complementary tool that strengthens, rather than replaces, estab-

lished surveillance systems, with careful implementation and continued evalua-

tion essential to maximizing its public health impact.
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