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ABSTRACT

AI and the development of machine-learning (ML) systems are expected to play a crucial role in preventing and
controlling infectious diseases as part of global health issues. Conventional epidemic models typically provide
a narrow perspective on disease distribution and causation, which motivates the use of AI/ML solutions. Some
of these tools use genomic, environmental, and patient information to improve forecast accuracy and facilitate
real-time disease surveillance. Human-driven models of pandemic identification are increasingly being replaced
by sophisticated artificial-intelligence models, including deep learning and advanced neural networks, that identify
patterns, estimate future outbreaks, and guide public-health interventions. Examples demonstrate the efficiency of
ML approaches in combating antimicrobial resistance, tuberculosis relapse, and spatiotemporal modeling of diseases
such as measles and COVID-19. Nevertheless, data standardization, scalability, ethics, and bias remain major
limitations. Addressing unfairness requires transparency, patient-data confidentiality, and equitable deployment
of AI systems. Practical implementation also requires cross-sector cooperation and global data sharing across
varied healthcare conditions. Future developments point to opportunities for enriching epidemic prediction models
by combining genomic precision systems, explainable AI, and interdisciplinary studies. This review shows how
AI/ML can transform infectious-disease management, calls for responsible innovation and ethical deployment, and
encourages international collaboration to strengthen global health preparedness against emerging diseases.
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1. INTRODUCTION

Epidemics and pandemics have created considerable chal-
lenges for health systems worldwide and have left a major im-
print on global health dynamics. COVID-19, Zika, and Ebola
illustrate the need for reliable models that can predict disease
spread and support control strategies. Traditional disease-
spread studies based on linear epidemiological models have
limitations in explaining how diseases evolve. Consequently,

researchers have introduced more efficient technologies, in-
cluding artificial intelligence (AI), machine learning (ML),
and mathematical modeling, to predict epidemic trends. By
analyzing communities and simulating disease trajectories,
these methods create opportunities for early identification and
more adaptive public-health interventions. This review ex-
plores the use of AI and ML in infectious-disease forecasting
and emphasizes their contribution to predicting global health
threats.
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1.1 Introduction to Epidemic Forecasting and AI Integration

Epidemic forecasting is one of the healthcare areas that has
benefited substantially from AI because of the large volume of
available data. AI improves predictions about disease occur-
rence and progression by using historical and real-time data,
including disease history, environmental conditions, popu-
lation movement, and health-sector indicators. Recurrent
neural networks and graph-based algorithms, for example,
can estimate disease dissemination and guide resource distri-
bution. Such tools are useful for public-policy design, par-
ticularly in emerging cases such as COVID-19 and influenza
outbreaks. AI-driven models can also process large datasets
with spatiotemporal resolution, enabling detailed monitoring
of epidemics across regions [1].

A major advantage of AI in epidemic forecasting is its ability
to handle new diseases through data revision, real-time moni-
toring, and uncertainty characterization. This contrasts with
traditional models that rely on fixed parameters, equations,
and assumptions. During COVID-19, AI models were used to
estimate hospitalizations and mortality, thereby supporting ra-
tioning and planning. Important challenges remain, including
data normalization, privacy protection, bias mitigation, and
the integration of heterogeneous sources. These challenges
require careful governance if AI is to be deployed safely in
public health [2, 3].

1.2 Application of Machine Learning and Big Data in Dis-
ease Prediction

Machine learning and big-data analytics allow public-health
systems to exploit diverse datasets, including clinical records,
mobility data, climate information, genomic sequences, and
social-media signals. These technologies can detect patterns
that are difficult to capture with conventional methods and
can support earlier warnings of outbreaks. Supervised learn-
ing, unsupervised learning, reinforcement learning, and deep
learning have all been applied to disease prediction, diagnosis,
and response planning. Their value is especially evident when
data arrive continuously and must be interpreted quickly for
operational decisions [4, 5].

Big data also improves the scale and granularity of epidemi-
ological analysis. By combining patient-level information
with environmental and demographic data, ML models can
identify risk factors, estimate local vulnerability, and improve
allocation of medical resources. However, the use of large
datasets raises concerns about privacy, representativeness,
algorithmic fairness, and the reliability of predictions when
models are transferred from one population to another.

1.3 Case Studies of Epidemic Prediction Models

Several infectious-disease case studies show the potential of
AI and ML. In antimicrobial resistance, ML models have
been combined with clinical decision-support systems and
mass-spectrometry data to predict resistance profiles and sup-
port treatment selection. In tuberculosis, predictive models
such as logistic regression, random forests, and boosting have
been used to estimate relapse risk and reduce dependence
on resource-intensive experimental assays. In COVID-19,
deep-learning and reinforcement-learning approaches have
supported transmission forecasting, early screening, and eval-
uation of intervention policies [12, 13, 18, 19].

Spatiotemporal models have also been applied to measles
and other infectious diseases. Neural-network models can
capture nonlinear temporal patterns and spatial hierarchies,
while hybrid approaches combine mechanistic epidemiolog-
ical models with data-driven learning. These examples in-
dicate that AI/ML can supplement classical SIR and SEIR
models by improving adaptability and predictive accuracy
under complex real-world conditions [14, 16].

1.4 Challenges in Modeling Disease Dynamics

Disease dynamics are shaped by biological, social, environ-
mental, and behavioral processes. This complexity makes
modeling difficult, especially when data are incomplete, bi-
ased, delayed, or collected using inconsistent standards. Mod-
els trained on one region may not generalize to another be-
cause of differences in healthcare access, reporting practices,
population density, intervention policies, and pathogen evo-
lution. These problems can lead to misleading forecasts and
poor public-health decisions if uncertainty is not properly
communicated.

Another challenge is interpretability. Many high-performing
AI models, particularly deep neural networks, behave as black
boxes. Public-health authorities need transparent explana-
tions to justify interventions that affect communities. There-
fore, model performance must be balanced with explainabil-
ity, ethical review, and accountability.

1.5 Future Directions and Implications for Public Health

Future epidemic forecasting should integrate genomic, envi-
ronmental, clinical, and socioeconomic data within explain-
able and update-friendly models. Federated learning and
privacy-preserving analytics may help institutions collaborate
without exposing sensitive patient data. Interdisciplinary co-
operation among epidemiologists, clinicians, data scientists,
policymakers, and ethicists is essential for building models
that are accurate, fair, and usable in practice.

The One Health perspective also offers an important direction
by linking human, animal, and environmental health. Such
integration can improve pandemic preparedness by identify-
ing ecological drivers of infectious-disease emergence and by
supporting coordinated prevention strategies [9, 10].

2. LITERATURE REVIEW

Global epidemics and pandemics have emphasized the need
for organized control systems with accurate prediction tech-
niques at their core. Understanding how infectious diseases
emerge and spread is crucial for formulating intervention
strategies that reduce social and economic burdens. Re-
cent advances in AI, ML, big data, and mathematical model-
ing provide new opportunities to address the complexity of
infectious-disease dynamics.

AI has advanced infection prediction through ML and deep-
learning approaches. Existing work can be grouped into three
main categories: public-health data used to prevent regional
disease spread, patient medical data used for infection detec-
tion, and combined public and patient data used to estimate
propagation within populations [11]. For multidrug-resistant
gram-negative bacteria, AI-based clinical decision-support
systems using MALDI-TOF MS data and random forests
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Table 1. Summary of Literature Review
Ref. Study Focus Methodology/Technology Used Key Findings/Contributions
[11] AI and ML applications in infection predic-

tion
AI, ML, DL, public-health data, patient data AI/ML improved disease prediction and public-

health interventions.
[12] AI-based CDSS for antimicrobial-

resistance prediction
ML with MALDI-TOF MS; random forest High accuracy in predicting antibiotic resistance; ran-

dom forest AUC of 0.95.
[13] ML techniques for TB relapse prediction Logistic regression, random forests, boosting Efficient prediction of TB relapse with reduced re-

source use.
[14] AI in infectious-disease modeling SIR, SEIR, stochastic models, big-data analytics Enhanced epidemic prediction; ethical considera-

tions highlighted.
[15] Real-time epidemic prediction Cloud computing, wearable-device data, epidemiologi-

cal models
Improved real-time outbreak prediction and resource
allocation.

[16] Spatiotemporal measles transmission High-dimensional neural networks, TSIR model SFNN outperformed TSIR in long-term forecasting;
spatial hierarchies were observed.

[17] Climate-driven marine pathogens Genomic and environmental data integration Revealed climate influence on Vibrio spread; pre-
dicted infections with high sensitivity.

[18] Dynamic COVID-19 modeling in Medan DEEPCOV, deep learning, transmission modeling Enhanced forecasting and public-health responses to
COVID-19.

[19] Early COVID-19 detection from tracker
data

Reinforcement learning, multilayer perceptron Reduced data needs and improved early detection.

[20] ML for predicting TB incidence Predictive modeling, visualization, ML techniques Accurate TB-incidence prediction; visualization en-
hanced insights.

[21] AI/ML in infectious-disease prediction Public-health data, patient data, combined datasets Promising applications for managing disease spread.
[22] Early COVID-19 detection Reinforcement learning, time-series classification Earlier predictions with reduced data needs.
[23] SIR modeling of lockdown in India SIR modeling, simulation, Microsoft Excel Lockdowns reduced infection rates; scenarios clari-

fied intervention effects.
[24] Explainable AI for infectious-disease pre-

diction
Explainable AI, deep learning XAI can make predictions transparent and applicable

in health systems.
[25] Ecological factors in Oropouche fever Ecological predictors, midges, landscape change Ecological factors influence spread; improved mod-

els are needed.
[26] AI detection of foodborne pathogens Self-transfer deep learning, Raman spectra Accurate pathogen detection with practical signifi-

cance.
[27] Eco-evolutionary Vibrio dynamics ML, genomic–environmental data, sensitivity analysis El Niño effects on Vibrio dynamics; integrated mod-

eling demonstrated.
[28] SFNN model for measles forecasting Feed-forward neural networks, mechanistic models SFNN identified drivers; hybrid models proposed for

accuracy.
[29] Deep learning for COVID-19 in Medan DEEPCOV, isolation measures, task-force data Advanced modeling improved understanding of

COVID-19 dynamics.
[30] AI/ML for global epidemic prediction Predictive modeling, mathematical models, big-data ana-

lytics
AI/ML improved prediction and control of infectious-
disease outbreaks.

achieved strong predictive performance for antibiotic resis-
tance [12]. In tuberculosis, ML techniques have been studied
to predict relapse rates using experimental and treatment-
specific variables, offering efficient alternatives to costly re-
currence evaluations [13].

Infectious-disease modeling has evolved from classical SIR
and SEIR models toward stochastic, network-based, and big-
data methods. These advances improve predictive capacity
but also introduce challenges in parameter estimation, val-
idation, real-time data use, privacy, and risk communica-
tion [14]. Cloud computing, wearable devices, and real-time
analytics further support outbreak prediction and resource al-
location [15]. Deep neural networks and hybrid mechanistic
models have improved long-term forecasting for measles
dynamics, while climate-sensitive pathogen studies show
the importance of integrating genomic and environmental
data [16, 17].

Artificial intelligence, machine learning, and mathematical
models have transformed the understanding and prediction of
infectious-disease outbreaks. More precise forecasting can
trigger pre-emptive actions to control transmission, support
early detection, improve response strategies, and strengthen
outbreak management. Although these technologies have
substantial potential, optimization challenges remain in real-
life settings, especially under diverse and dynamic environ-
mental conditions. Future research should refine predictive
algorithms and improve data integration to strengthen global
responses to infectious-disease threats.

3. DISCUSSION

The analysis of genomics, environmental data, and novel ML
algorithms advances epidemic prediction and public-health
planning. AI/ML systems can identify hidden correlations,
forecast disease trajectories, and support intervention design.
Their ability to integrate heterogeneous data sources makes
them valuable for both routine surveillance and emergency
response.

3.1 Integration of AI and ML in Epidemic Predictions

AI and ML support epidemic prediction by combining diverse
data streams, including mobility, clinical records, genomic
information, weather, and social behavior. These systems im-
prove the speed and granularity of forecasting and can update
predictions when new information becomes available. They
are particularly useful for emerging diseases, where mecha-
nistic knowledge may be incomplete and rapid decisions are
required.

3.2 Key Achievements in Forecasting Accuracy

Important achievements include improved antimicrobial-
resistance prediction, TB relapse estimation, COVID-19
screening, and measles forecasting. Random-forest algo-
rithms have performed well in resistance prediction, while
deep-learning architectures such as ForecastNet and spa-
tiotemporal neural networks have strengthened multi-step
time-series forecasting and disease-dynamics modeling [33,
34]. These advances show that AI/ML can improve both
predictive accuracy and operational decision-making.
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3.3 Challenges and Ethical Considerations

Despite major progress, AI and ML in healthcare face chal-
lenges related to dataset bias, scalability, fairness, and trust.
Bias can enter through training data and distort treatment or
intervention decisions, especially for disadvantaged groups.
Models that perform well in laboratories may fail in clinical
or public-health settings because of data shifts and imple-
mentation constraints. Ethical issues include patient privacy,
informed consent, transparency, accountability, and equitable
access to AI-enabled health benefits [35, 36].

3.4 Future Directions for AI in Public Health

Future systems should combine external factors, genomic
information, and next-generation ML to create accurate alert
systems. Integrating genetic, climate, and socioeconomic
data can capture relationships that influence transmission dy-
namics and can enable targeted public-health action. Tools
such as learnMET illustrate how genomic and environmental
data can be integrated for prediction across multiple environ-
ments [38].

The deployment of these approaches requires cooperation
across sectors, strong ethical compliance, and international
data-sharing programs. Healthcare, environmental, govern-
mental, and research institutions must share data responsibly
to reduce fragmentation. Trust, clear governance, privacy pro-
tection, and transparent standards are necessary for effective
collaboration [37].

4. CONCLUSION

AI and ML have become revolutionary methodologies in
infectious-disease forecasting and management. These tech-
nologies facilitate more accurate outbreak detection, track-
ing, and control through advanced computational procedures.
AI/ML models can extract important information from ge-
nomic and environmental data, health monitoring systems,
and other sources, enabling better public-health intervention.
Their application to antimicrobial resistance, tuberculosis re-
lapse, and pandemic dynamics demonstrates their potential
to transform disease-control models.

However, adoption of AI/ML systems also has drawbacks.
Data standardization, scalability, and inherent dataset bias
can compromise prediction reliability. Ethical constraints
involving patient privacy, algorithmic transparency, equity of
access, and integration into healthcare facilities must also be
addressed. Infectious-disease transmission requires models
that are easy to update, interpretable, and capable of accom-
modating multiple data sources and types.

The most important solutions are interdisciplinary teamwork,
strict compliance with ethical rules, and the global dissemi-
nation of large standardized databases. Collaboration among
governments, healthcare institutions, researchers, and tech-
nology providers can help build robust, fair, and sustainable
AI/ML systems. Responsible innovation, explainable mod-
els, and international cooperation are therefore essential for
strengthening preparedness against future epidemics and pan-
demics.
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