
Metaheuristic Optimization Review

♦ ISSN: 3066-280X Vol: 07, No. 01, 2026 ♦ PP. 29–40

Article DOI: https://doi.org/10.54216/MOR.070104

REVIEW ARTICLE

Artificial Intelligence and Deep Learning in Hantavirus Research:
A Comprehensive Review

Elham Edkndarnia1,*

1 Arab open university-Bahrain
Email: Elham.mohamed@aou.org.bh

Received: February 10, 2026 Revised: April 11, 2026 Accepted: June 10, 2026 ⋆ Corresponding author

ABSTRACT

Hantavirus remains an important zoonotic threat because of its association with severe human diseases, including
hemorrhagic fever with renal syndrome and hantavirus pulmonary syndrome. Its transmission is strongly influenced
by rodent reservoirs, environmental conditions, human exposure patterns, and regional ecological variability. Recent
advances in artificial intelligence (AI) and deep learning have created new opportunities for improving Hantavirus
detection, outbreak prediction, ecological risk mapping, diagnostic support, and public health surveillance. This
review examines the role of AI-driven methods in Hantavirus research, with emphasis on how machine learning, deep
learning, image-based analysis, epidemiological modeling, and data-driven surveillance can support earlier detection
and more informed decision-making. The review also discusses the potential of AI to integrate heterogeneous data
sources, including clinical records, environmental variables, remote sensing indicators, genomic information, and
epidemiological reports. Despite these advances, several challenges remain, including limited datasets, geographic
bias, model generalization, lack of clinical validation, data imbalance, interpretability concerns, and the need for
real-time deployment. Overall, AI and deep learning offer promising tools for strengthening Hantavirus surveillance
and response, but their practical value depends on transparent models, high-quality data, interdisciplinary validation,
and integration into public health systems.
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1. INTRODUCTION

Hantavirus represents an important zoonotic viral threat be-
cause of its capacity to cause severe human disease, its depen-
dence on wildlife reservoirs, and its close relationship with
ecological, environmental, and human behavioral factors. Un-
like many directly transmitted viral infections, Hantavirus
transmission is strongly associated with rodent reservoirs
and human exposure to contaminated excreta, aerosols, or
infected environments. This makes Hantavirus not only a
biomedical concern, but also an ecological and public health
challenge that requires integration between virology, epi-
demiology, environmental monitoring, clinical diagnosis, and

surveillance science. The continuing concern surrounding
Hantavirus is reinforced by its pandemic potential, severe
clinical outcomes, and capacity to emerge or re-emerge when
environmental and human conditions favor spillover events
[1].

The clinical importance of Hantavirus is mainly linked to
two major disease patterns: hemorrhagic fever with renal
syndrome and Hantavirus pulmonary syndrome. These syn-
dromes differ in their geographical distribution, dominant
viral lineages, clinical presentation, and disease severity, but
both reflect the broader ability of Hantaviruses to produce
serious systemic illness. The public health burden of these
infections is intensified by diagnostic difficulty, symptom
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overlap with other febrile or respiratory diseases, and the
need for early recognition before progression to severe mani-
festations. Because Hantavirus infection can involve complex
host-pathogen interactions and region-specific epidemiolog-
ical profiles, surveillance systems must be able to capture
both clinical and ecological signals rather than relying on
isolated case reporting [2]. A central challenge in Hantavirus
control is that viral circulation is deeply connected to rodent
ecology. Reservoir abundance, host distribution, biodiversity,
land-use transformation, climate variability, and human intru-
sion into natural habitats can influence the probability of viral
maintenance and spillover. Modern research increasingly
recognizes that Hantavirus risk cannot be understood only
through confirmed human cases, because human infection
often represents the final stage of a longer ecological chain
involving reservoir dynamics, environmental exposure, and
behavioral risk. Machine learning-based ecological analysis
has shown particular value in examining how land-use condi-
tions affect the presence of rodent hosts associated with New
World Hantaviruses, thereby supporting broader risk map-
ping and surveillance strategies [3]. The need for advanced
data-driven approaches is further strengthened by spatial and
temporal variability in Hantavirus reservoirs. Rodent hosts
do not remain constant across regions or seasons, and their in-
fection patterns may shift according to habitat structure, food
availability, climate conditions, and anthropogenic distur-
bance. Recent surveillance-oriented studies have emphasized
that rodent-associated Hantavirus patterns can vary over time
and across geographic locations, making static monitoring
insufficient for long-term risk assessment [4]. Therefore, pre-
dictive tools that can learn from ecological, epidemiological,
genomic, and environmental data may provide stronger sup-
port for identifying risk zones before human outbreaks occur.
Artificial intelligence has become increasingly relevant in
infectious disease research because it can identify complex
nonlinear relationships within heterogeneous datasets. In the
context of Hantavirus, AI may support multiple tasks, includ-
ing early warning, ecological risk prediction, clinical decision
support, molecular screening, viral classification, and public
health surveillance. Unlike traditional statistical methods that
may require strong assumptions about variable relationships,
AI models can learn hidden patterns from high-dimensional
data and adapt to different data types. This capability is
especially useful for zoonotic diseases, where risk may de-
pend on interactions among host ecology, pathogen genetics,
climate, land use, human behavior, and health-system detec-
tion capacity [5]. Deep learning is particularly important
because it can process complex data structures such as ge-
nomic sequences, medical images, environmental signals,
and large-scale temporal data. For Hantavirus research, deep
learning may contribute to viral sequence interpretation, host-
pathogen interaction analysis, molecular inhibitor screening,
and disease prediction. Some recent studies have already
explored deep learning frameworks for identifying molecular
inhibitors and understanding Hantavirus-related pathogenic
mechanisms, showing that computational approaches can
extend beyond surveillance into therapeutic discovery and
molecular-level investigation [6]. This reflects a broader shift
from purely descriptive virology toward computationally as-
sisted biological interpretation. AI also has potential value in
diagnostic and therapeutic development. Emerging research

on antiviral peptide prediction, epitope identification, vaccine
design, and computer-aided drug discovery shows that com-
putational models can reduce the time required to screen can-
didate molecules or predict biologically meaningful targets.
Although such methods do not replace laboratory validation,
they can prioritize candidates, reduce experimental burden,
and support faster response to emerging viral threats. In this
context, machine learning and deep learning tools used for
antiviral peptide prediction provide a relevant foundation for
future Hantavirus-focused therapeutic research [7]. Despite
these opportunities, the application of AI and deep learning
to Hantavirus remains limited compared with more widely
studied infectious diseases. Much of the available AI litera-
ture focuses on pandemic-scale pathogens, respiratory infec-
tions, general infectious disease prediction, or broad zoonotic
surveillance rather than Hantavirus-specific modeling. Sys-
tematic reviews of machine learning and deep learning for
infectious disease preparedness indicate that AI can improve
forecasting, detection, and response planning, but they also
highlight recurring limitations such as inconsistent datasets,
lack of external validation, limited interpretability, and weak
integration into real public health workflows [8]. These lim-
itations are highly relevant to Hantavirus because available
data are often fragmented across ecological, clinical, and lab-
oratory domains. Another important issue is that Hantavirus
surveillance requires integration across multiple scales. At
the molecular scale, AI can support sequence classification,
epitope prediction, molecular docking prioritization, and host
adaptation analysis. At the clinical scale, AI can assist in
distinguishing Hantavirus infection from other febrile, renal,
or respiratory conditions when sufficient validated data are
available. At the ecological scale, AI can model reservoir
distribution, environmental suitability, and spillover risk. At
the public health scale, AI can support early warning systems,
outbreak preparedness, and decision-making. The growing
use of AI for early detection of infectious diseases demon-
strates that data-driven systems can strengthen public health
response when they are transparent, validated, and connected
to surveillance infrastructure [9]. However, the practical use
of AI in Hantavirus research faces several barriers. First,
Hantavirus datasets are often small, geographically uneven,
and inconsistent in quality. Second, ecological and clinical
datasets may not be easily integrated because they differ in
spatial scale, temporal resolution, and data standards. Third,
deep learning models may require large labeled datasets that
are difficult to obtain for rare or regionally concentrated dis-
eases. Fourth, AI outputs may lack interpretability, which
limits clinical and public health trust. Fifth, models trained in
one region may fail to generalize to another because reservoir
species, viral genotypes, land-use patterns, healthcare access,
and reporting practices differ. These concerns are consistent
with broader discussions on AI and machine learning for
emerging and re-emerging viral diseases, where methodolog-
ical promise is often balanced by concerns regarding vali-
dation, deployment, and ethical use [10]. Accordingly, this
review aims to examine the intersection between Hantavirus
research, artificial intelligence, and deep learning. It focuses
on how AI-driven methods can contribute to Hantavirus detec-
tion, prediction, ecological surveillance, molecular analysis,
diagnostic support, and public health preparedness. Rather
than treating AI as a single solution, this review considers it as
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a set of computational approaches that must be evaluated ac-
cording to data type, application context, model transparency,
validation strategy, and practical deployment potential. The
review also discusses current gaps in the literature, including
limited Hantavirus-specific datasets, weak model generaliza-
tion, lack of real-world validation, and insufficient integration
between ecological intelligence and clinical surveillance. By
synthesizing existing research, this paper highlights both the
promise and limitations of AI and deep learning in advancing
Hantavirus monitoring, understanding, and response.

2. LITERATURE REVIEW

The literature on Hantavirus research has gradually expanded
from classical epidemiological and clinical descriptions to-
ward a broader multidisciplinary field that includes ecology,
molecular biology, public health surveillance, computational
modeling, artificial intelligence, and deep learning. This tran-
sition is important because Hantavirus does not represent a
single-dimensional infectious disease problem. Instead, it
exists at the intersection of reservoir-host ecology, environ-
mental exposure, viral evolution, human behavior, diagnostic
uncertainty, and healthcare preparedness. Earlier research
was largely concerned with identifying disease patterns, de-
scribing clinical syndromes, and documenting reservoir-host
relationships. More recent work has increasingly emphasized
predictive modeling, sequence-based interpretation, risk map-
ping, automated diagnosis, and data-driven public health de-
cision support. This shift reflects the growing recognition
that Hantavirus prevention and response require more than
retrospective case reporting; they require tools capable of de-
tecting hidden patterns across complex biological, ecological,
and epidemiological data.

Figure 1 presents Hantavirus research as a data-to-impact
process. The figure emphasizes that Hantavirus risk arises
from the interaction between reservoir ecology, environmen-
tal drivers, viral persistence, and human exposure. This is
directly relevant to artificial intelligence-based modeling be-
cause predictive systems must integrate diverse forms of evi-
dence rather than focusing on one isolated data source. The
figure identifies several AI and deep learning methods that
may be applied in Hantavirus research, including machine
learning, deep learning, spatiotemporal modeling, natural
language processing, and generative AI. It also summarizes
the major data categories that can support these methods, in-
cluding ecological, environmental, epidemiological, clinical,
genomic, and socio-behavioral data. By linking data sources,
AI workflow stages, benefits, challenges, future directions,
and public health response, Figure 1 provides a comprehen-
sive visual summary of the review’s analytical framework.

A major body of Hantavirus literature focuses on human dis-
ease prevalence, genotype distribution, and epidemiological
characterization. These studies are important because they
provide the foundation for understanding how Hantavirus
infections appear in human populations, how disease pat-
terns differ across regions, and which viral genotypes are
associated with specific clinical outcomes. Retrospective ob-
servational analyses have shown that human Orthohantavirus
disease is not uniformly distributed, but rather shaped by re-
gional genotype circulation, exposure pathways, and surveil-
lance capacity [11]. This is particularly relevant for artificial

intelligence-based review work because machine learning
and deep learning models require high-quality epidemiologi-
cal data to detect temporal trends, classify risk profiles, and
support early warning. However, the uneven distribution of
reported cases also creates methodological difficulties. If
data are concentrated in specific regions or diagnostic centers,
AI models may learn geographically biased patterns rather
than generalizable disease signals. Therefore, epidemiologi-
cal datasets must be interpreted not only as evidence of dis-
ease occurrence, but also as products of surveillance intensity,
healthcare access, diagnostic availability, and reporting infras-
tructure. Mathematical modeling has also contributed signifi-
cantly to Hantavirus research by formalizing the relationship
between infected rodents, susceptible hosts, environmental
conditions, and human infection risk. Such models are valu-
able because they translate ecological and epidemiological
assumptions into structured systems that can be analyzed, sim-
ulated, and compared under different transmission scenarios.
Transmission models among rodents and humans demonstrate
that human infection is not independent of reservoir dynam-
ics, and that changes within rodent populations can influence
downstream human risk [12]. Although traditional mathemat-
ical models are different from deep learning systems, they
provide an important conceptual foundation for AI-based
approaches. Mathematical models often rely on explicitly
defined equations and assumptions, while AI models learn
relationships from data. Combining both directions may be
useful in future Hantavirus studies, where mechanistic models
can provide biological interpretability and AI models can im-
prove predictive flexibility. This hybrid direction is especially
promising for diseases where ecological processes are known
but difficult to measure continuously. Another important re-
search direction concerns the molecular and bioinformatics
characterization of Hantavirus proteins. Molecular studies
help explain how viral components contribute to infection, im-
mune recognition, host interaction, and disease pathogenesis.
Bioinformatics analysis of envelope glycoproteins associated
with Hantavirus cardiopulmonary syndrome and hemorrhagic
fever with renal syndrome has provided insight into structural
and functional features that may influence viral behavior and
immune response [13]. This type of work is highly relevant
to deep learning because modern neural models can process
protein sequences, structural representations, and molecular
features at scales that are difficult to analyze manually. In
future Hantavirus research, deep learning may be used to
identify conserved antigenic regions, predict host-interaction
patterns, support vaccine target discovery, and classify vi-
ral variants according to biologically meaningful sequence
features. However, such applications require careful valida-
tion because computational predictions in molecular virology
cannot be treated as equivalent to laboratory-confirmed bi-
ological function. Reservoir-host research remains one of
the strongest foundations of Hantavirus science. Since Han-
taviruses are maintained mainly in rodent reservoirs, under-
standing reservoir ecology is essential for predicting human
risk. Broader work on bat and rodent reservoirs of zoonotic
viruses has emphasized that reservoir species often maintain
viruses through complex immune, ecological, and behavioral
mechanisms that differ from those observed in humans [14].
For Hantavirus, this means that disease prevention cannot
be limited to clinical surveillance alone. Rodent abundance,
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Figure 1. Data-to-impact framework for Hantavirus research in the age of artificial intelligence, showing ecological drivers, AI methods, data
types, research applications, workflow stages, benefits, challenges, future directions, and public health response.

habitat suitability, seasonal movement, interspecies contact,
and environmental disturbance must also be monitored. Ar-
tificial intelligence can contribute to this area by integrating
reservoir occurrence records, environmental variables, land-
use data, climate indicators, and viral sequence information.
Nevertheless, reservoir-based AI models face several diffi-
culties, including incomplete wildlife sampling, inconsistent
geographic coverage, uncertain host-virus associations, and
temporal gaps in ecological data. These limitations make
interpretability and uncertainty estimation essential when AI
models are used for zoonotic risk mapping. Recent work has
also started to connect generative artificial intelligence with
Hantavirus-related biological discovery. Experiment-aware
generative pipelines designed for pan-Hantavirus antibody
development indicate that computational systems may help re-
duce the gap between simulation and laboratory applicability
[15]. This direction is important because antibody discov-
ery, vaccine development, and therapeutic screening often
require substantial experimental resources. Generative AI
can support candidate design by proposing molecular struc-
tures, optimizing antibody features, or prioritizing candidates
before experimental testing. However, such models must
be approached carefully. A generative model may produce
biologically plausible candidates, but plausibility is not the
same as efficacy, safety, or manufacturability. Therefore, the
role of generative AI in Hantavirus research should be un-
derstood as an acceleration tool rather than a replacement
for laboratory validation. In a review context, this point is
essential because it separates computational promise from
biomedical proof. The diagnostic literature has also begun
to incorporate machine learning and nanotechnology as com-

plementary tools for zoonotic disease control. Advances in
microbial diagnostics show that machine learning can sup-
port pattern recognition, biosignal interpretation, molecular
detection, and diagnostic decision-making when integrated
with emerging laboratory technologies [16]. This has clear
implications for Hantavirus, where early diagnosis may be
difficult because symptoms can resemble other febrile, re-
nal, or respiratory diseases. AI-supported diagnostics could
help classify patients based on clinical variables, laboratory
values, exposure history, and regional epidemiological risk.
Deep learning may also support molecular diagnostics by
improving sequence classification or assay design. Yet, diag-
nostic AI models require high-quality labeled clinical data,
external validation, and clear clinical pathways. Without
these conditions, a model may perform well in development
datasets but fail when applied to real patient populations.
Clinical decision support is another emerging theme within
Hantavirus-related literature. A simple clinical score for re-
ducing unnecessary Puumala Hantavirus testing shows that
structured decision rules can improve diagnostic efficiency
and reduce avoidable testing when applied to appropriate
clinical contexts [17]. Although this type of scoring system
is not necessarily a deep learning model, it is highly relevant
to AI-based research because it demonstrates the practical
value of decision support in Hantavirus diagnosis. In many
clinical settings, the goal is not only to maximize sensitivity
or specificity, but also to use limited diagnostic resources
effectively. Future AI models may build on such clinical scor-
ing principles by incorporating broader variables and learning
more complex relationships. However, the interpretability
of clinical decision support remains critical. Physicians and
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public health practitioners are more likely to trust models
that provide understandable reasoning, particularly when the
disease is rare, severe, or diagnostically ambiguous. Deep
learning for disease prediction has expanded across infectious
disease research, especially where climatic, environmental,
and linguistic or contextual variables are combined to infer
outbreak risk or disease patterns. Deep learning-driven dis-
ease prediction models that integrate climatic and linguistic
attributes illustrate how heterogeneous data sources can be
fused for predictive health applications [18]. This direction
is particularly relevant for Hantavirus because environmental
and climatic factors influence rodent population dynamics,
vegetation patterns, food availability, and human exposure.
Social, behavioral, and textual data may also provide indirect
signals of outbreak concern, public awareness, or reporting
changes. Nevertheless, the integration of heterogeneous data
introduces methodological challenges. Different data sources
vary in reliability, temporal resolution, geographic coverage,
and noise level. A model that combines climate data, epi-
demiological reports, and textual information must therefore
be carefully designed to avoid learning spurious correlations.
For Hantavirus, this is especially important because outbreaks
may be rare and regionally specific.

Viral classification has become another important area where
deep learning may support infectious disease research. Hi-
erarchical deep learning models for interpretable viral clas-
sification show that neural networks can be designed not
only to classify viruses, but also to preserve meaningful re-
lationships across viral taxonomic or biological levels [19].
This is relevant to Hantavirus because viral diversity, host
association, and genotype distribution are central to under-
standing disease emergence and clinical risk. An interpretable
hierarchical classifier could potentially support Hantavirus
sequence classification, reservoir association analysis, or de-
tection of unusual viral patterns. However, viral classification
models must address the problem of dataset imbalance, since
some viruses and genotypes are much better represented in
sequence databases than others. If deep learning models
are trained on imbalanced viral datasets, they may perform
well on common lineages while failing to recognize rare or
emerging variants.

Figure 2 presents the future-oriented direction of AI-enabled
Hantavirus research. The figure emphasizes that the next
stage of development should move beyond isolated com-
putational models and toward integrated surveillance and
decision-support systems. Such systems should combine
reservoir monitoring, environmental sensing, clinical informa-
tion, genomic sequencing, laboratory diagnostics, social and
behavioral data, and public health reporting. This integrated
structure is important because Hantavirus risk is shaped by
interactions among animal reservoirs, environmental condi-
tions, viral biology, human exposure, clinical progression,
and surveillance capacity. By connecting these domains, AI
and deep learning can support earlier warning, stronger risk
stratification, more accurate diagnostic prioritization, and
better coordination between researchers, clinicians, epidemi-
ologists, and public health authorities. Therefore, Figure 2
supports the main conclusion of this review: artificial in-
telligence is most useful when it is transparent, validated,
interpretable, and connected to practical public health action.

Vaccine and epitope prediction literature further demonstrates
how artificial intelligence can support infectious disease pre-
paredness. AI-driven epitope prediction has been reviewed
as a growing field that can assist vaccine development by
identifying candidate immune targets and comparing com-
putational strategies [20]. In the Hantavirus context, epitope
prediction may contribute to vaccine design by identifying
conserved regions that could generate protective immune re-
sponses across relevant viral strains. Such approaches could
be especially useful when experimental screening is costly
or when rapid prioritization is needed. However, epitope
prediction remains a probabilistic computational task, and
predicted epitopes require immunological validation. A ma-
jor challenge for Hantavirus vaccine-related AI is the genetic
and antigenic diversity of viral strains, which may compli-
cate the design of broadly protective candidates. Therefore,
AI can support vaccine research most effectively when com-
bined with immunology, structural biology, and experimental
validation. Across the reviewed literature, a clear pattern
emerges: Hantavirus research is moving toward more inte-
grated computational frameworks, but the field remains frag-
mented. Epidemiological studies provide essential human
disease data, ecological studies explain reservoir and envi-
ronmental risk, molecular studies clarify viral structure and
function, diagnostic studies improve detection pathways, and
AI-oriented studies introduce new computational possibili-
ties. However, these streams are not yet fully unified. Many
AI models in infectious disease research are developed on
general viral datasets or non-Hantavirus case studies, while
Hantavirus-specific AI applications remain comparatively
limited. This creates both a gap and an opportunity. The
gap is that Hantavirus has not yet benefited from the same
volume of AI research seen in diseases such as COVID-19,
influenza, or dengue. The opportunity is that existing AI
methods from viral classification, disease prediction, molecu-
lar screening, epitope prediction, and diagnostic support can
be adapted carefully to Hantavirus-specific problems. The
literature also shows that AI and deep learning should not be
treated as universal solutions. Their value depends on data
availability, model design, validation quality, interpretability,
and practical integration into surveillance or clinical work-
flows. For Hantavirus, the most useful future systems may
be multimodal rather than single-purpose. A strong surveil-
lance platform could combine rodent reservoir data, land-use
variables, climate indicators, viral sequences, human case
reports, clinical symptoms, and diagnostic results. Deep
learning could analyze high-dimensional sequence or image
data, while traditional machine learning could model struc-
tured ecological and clinical variables. Mechanistic mod-
els could add biological interpretability, and public health
dashboards could translate model outputs into actionable de-
cisions. Such integration would move Hantavirus research
from isolated prediction tasks toward intelligent decision-
support systems. In summary, the existing literature provides
a strong foundation for reviewing artificial intelligence and
deep learning in Hantavirus research, even though direct
Hantavirus-specific AI studies remain relatively limited. Epi-
demiological and clinical studies define the disease burden
and surveillance needs. Ecological and reservoir studies ex-
plain why environmental and host-related data are essential
for prediction. Molecular and bioinformatics studies cre-
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Figure 2. Integrated future framework for AI-enabled Hantavirus surveillance, prediction, clinical support, therapeutic discovery, and public
health decision-making.

ate opportunities for sequence-based modeling, therapeutic
screening, and vaccine target discovery. Broader AI studies
in infectious disease prediction, diagnostics, viral classifi-
cation, and epitope prediction provide transferable methods
that can be adapted to Hantavirus. The main challenge is to
transform these separate research directions into validated,
interpretable, and deployable AI systems that can support
real-world Hantavirus detection, prediction, and public health
response. The first reference in Table 1 focuses on Hantavirus
vaccine design through a computational immunoinformatics
framework. Its methodological value lies in showing how
candidate vaccine components can be identified, assembled,
and evaluated before experimental validation. This is im-
portant for the present review because it demonstrates that
computational approaches can contribute to Hantavirus pre-
vention, not only to diagnosis or surveillance. By supporting
antigen identification and vaccine-candidate prioritization,
this reference represents the preventive biomedical side of

artificial intelligence-supported Hantavirus research.

The second reference frames Hantavirus within the broader
context of pandemic potential and emerging infectious dis-
ease preparedness. Its value is not primarily methodological
in the technical sense, but rather contextual. It helps jus-
tify why Hantavirus deserves attention from public health
researchers, surveillance specialists, and computational sci-
entists. Since Hantavirus can cause severe disease and is
influenced by ecological exposure, it requires preparedness
frameworks that can detect risk early and guide coordinated
response. This reference therefore supports the public health
motivation for applying artificial intelligence and deep learn-
ing to Hantavirus monitoring.

The third reference examines self-attention-based deep learn-
ing for regional influenza forecasting. Although it is not
Hantavirus-specific, it is highly relevant methodologically
because it demonstrates how attention mechanisms can im-
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Table 1. Methodological comparison of studies related to Hantavirus, artificial intelligence, deep learning, diagnostics, therapeutic discovery,
and infectious disease surveillance.

Ref. Research focus Methodological approach Relevance

[21] Hantavirus vaccine design Multi-epitope vaccine construction with
immunoinformatics validation

Supports computational vaccine design and antigen
identification.

[22] Pandemic potential Public health comparison between Hantavirus and
COVID-19

Frames Hantavirus as a potential emerging infectious
disease threat.

[23] Hantavirus pathogenesis Experimental comparison of endothelial responses Explains disease severity and host-cell mechanisms.
[24] Land-use and infection Ecological analysis of infection in small mammals Supports reservoir monitoring and ecological-risk

prediction.
[25] Antibody characterization Antigenic mapping of neutralizing antibodies Relevant to antibody discovery and vaccine research.
[26] Community perceptions Ethnonursing and socio-cultural investigation Highlights behavioral and local prevention factors.
[27] Case reporting Public health report of a detected Hantavirus case Supports surveillance and outbreak investigation.
[28] Antiviral activity In vitro testing of carrageenans and fucoidans Provides background for antiviral candidate screening.
[29] Severe treatment Clinical discussion of high-volume hemofiltration Supports clinical management and intervention

planning.
[30] Serological evidence Detection of Hantavirus antibodies in a regional

population
Provides historical exposure and epidemiological
context.

[31] Pulmonary syndrome Analysis of VEGF in edema fluid and PBMCs Explains severe pulmonary manifestations.
[32] Outbreak preparedness Case-based preparedness and response discussion Supports emergency planning and outbreak response.
[33] Host–parasite prediction Machine learning using ecological and evolutionary

traits
Supports reservoir–pathogen and spillover-risk
prediction.

prove infectious disease forecasting. Attention-based models
are useful because they can identify which temporal patterns
or input features contribute most strongly to prediction. For
Hantavirus, this idea is important because ecological and
environmental drivers may influence disease risk with time
delays. A model that can learn delayed relationships between
environmental change, reservoir activity, and human infection
risk may be valuable for future surveillance systems.

The fourth reference investigates Hantavirus pathogene-
sis by experimentally comparing endothelial responses to
pathogenic and nonpathogenic Hantaviruses. This study con-
tributes biological depth to the review because it helps explain
how severe disease develops at the host-cell level. Since Han-
tavirus disease severity is strongly associated with vascular
dysfunction and endothelial involvement, this type of biologi-
cal evidence is essential for interpreting clinical risk. It also
provides a foundation for future artificial intelligence models
that may aim to predict severity, identify therapeutic targets,
or connect molecular mechanisms with patient outcomes.

The fifth reference focuses on the relationship between land
use and Hantavirus infection in small mammals. This is
directly relevant to ecological-risk prediction because Han-
tavirus circulation depends strongly on reservoir hosts and
their environments. Land-use change can alter rodent abun-
dance, species composition, habitat suitability, and contact
between humans and infected reservoirs. For artificial intelli-
gence applications, this reference supports the inclusion of
ecological and environmental variables in predictive mod-
els. It also shows that Hantavirus surveillance should not
rely only on human case data, because reservoir and habitat
information may provide earlier warning signals.

The sixth reference discusses antibody characterization
through antigenic mapping of neutralizing antibodies. Its rel-
evance lies in connecting Hantavirus research with immune
protection, antibody discovery, and vaccine development.
This type of work is important because artificial intelligence
and deep learning can support future antibody modeling, epi-
tope prediction, and vaccine-candidate prioritization when

high-quality immunological data are available. In the context
of the review, the reference strengthens the biomedical and
therapeutic side of Hantavirus AI research by showing that
immune-response data can inform computational discovery.

The seventh reference explores community perceptions of
Hantavirus using a socio-cultural and ethnonursing perspec-
tive. This reference is important because Hantavirus preven-
tion depends not only on scientific monitoring, but also on
how communities understand risk, rodents, exposure, disease
symptoms, and prevention practices. Public health interven-
tions may fail if they ignore local beliefs and behavioral
realities. For artificial intelligence-supported public health
systems, this means that social and behavioral data should
be considered alongside clinical and environmental variables.
The reference therefore highlights the human-centered side
of Hantavirus prevention.

The eighth reference presents a public health report of a de-
tected Hantavirus case. Its importance lies in showing how
Hantavirus appears within real surveillance and reporting
systems. Individual case reports may seem limited, but they
often trigger outbreak investigation, public communication,
environmental assessment, and preventive action. In future
artificial intelligence systems, such reports could serve as
surveillance signals when combined with regional exposure
information, ecological data, and clinical indicators. This ref-
erence therefore supports the practical surveillance dimension
of Hantavirus monitoring.

The ninth reference examines antiviral activity through in
vitro testing of carrageenans and fucoidans against Han-
tavirus. This reference is valuable because it provides exper-
imental therapeutic background. Artificial intelligence can
support antiviral discovery by screening candidate molecules,
predicting interactions, and prioritizing compounds, but ex-
perimental studies remain necessary to confirm biological
activity. Therefore, this reference helps connect computa-
tional therapeutic discovery with laboratory validation. It
shows that antiviral development for Hantavirus must remain
grounded in experimental evidence.
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The tenth reference discusses targeted high-volume hemofil-
tration for severe Hantavirus disease. Its relevance is clinical
because it focuses on intervention planning and management
of severe cases. Hantavirus can progress to life-threatening
disease, so treatment-related evidence is important for under-
standing the clinical burden. In the future, artificial intelli-
gence may help identify patients at higher risk of deteriora-
tion and support earlier treatment decisions. However, such
predictive systems must be built on clinically meaningful
outcomes and validated patient data. This reference therefore
supports the clinical-management dimension of the review.

The eleventh reference provides serological evidence of Han-
tavirus exposure in a regional population. Serological evi-
dence is important because it can reveal previous exposure
that may not be captured by confirmed clinical case records.
This helps improve understanding of hidden disease burden,
population-level exposure, and regional epidemiology. For ar-
tificial intelligence-based surveillance, serological data could
support more accurate estimation of risk and exposure pat-
terns. The reference therefore contributes historical and epi-
demiological context to the review.

The twelfth reference investigates vascular endothelial growth
factor in Hantavirus pulmonary syndrome. Its significance
is biological and clinical because it helps explain severe
pulmonary manifestations, including vascular leakage and
edema. This is important for artificial intelligence research
because biomarkers and pathophysiological indicators may
eventually be used in severity-prediction models. Rather
than relying only on symptoms or demographic data, future
models could integrate biological markers that reflect disease
mechanisms. This reference therefore supports the connec-
tion between clinical biology and predictive modeling.

The thirteenth reference addresses outbreak preparedness and
response. Its relevance lies in emphasizing that surveillance
is meaningful only when it leads to action. Artificial intelli-
gence can generate predictions, but those predictions must
be connected to emergency planning, public health commu-
nication, risk assessment, and intervention strategies. For
Hantavirus, this is especially important because outbreaks
may be geographically localized and influenced by environ-
mental or reservoir conditions. This reference supports the
need to integrate AI-based prediction into operational public
health response systems.

The fourteenth reference presents a machine learning frame-
work for predicting host–parasite interactions using ecolog-
ical and evolutionary traits. Its relevance to Hantavirus is
strong because spillover risk depends on reservoir–pathogen
relationships and ecological compatibility. Although the
study is not limited to Hantavirus, its methodological logic
can be adapted to reservoir-virus prediction. Machine learn-
ing can help identify ecological and evolutionary patterns
that influence host association, transmission potential, and
spillover risk. This reference therefore supports one of the
central arguments of the review: artificial intelligence can
help connect ecological complexity with Hantavirus predic-
tion and public health response.

Figure 3 provides a general biological overview of Hantavirus
and establishes the virological and public health foundation
of this review. The figure summarizes the essential structural
properties of Hantavirus, including its enveloped structure,

negative-sense RNA genome, glycoproteins, nucleocapsid
protein, and segmented genome organization. This visual
representation is important because it connects the molecular
identity of the virus with its epidemiological behavior and
clinical consequences. It also highlights the natural trans-
mission cycle, where rodents act as reservoir hosts and shed
the virus through saliva, urine, and feces. Human infection
mainly occurs through inhalation of aerosolized contaminated
particles, making environmental contamination and rodent ex-
posure central elements in disease prevention. In addition, the
figure distinguishes the two major clinical syndromes associ-
ated with Hantavirus infection, namely Hantavirus pulmonary
syndrome and hemorrhagic fever with renal syndrome. By
presenting viral structure, reservoir transmission, clinical dis-
ease, genome organization, important species, and prevention
measures in one framework, Figure 3 supports the introduc-
tory argument that Hantavirus is a complex zoonotic disease
requiring biological, ecological, clinical, and public health
understanding.

3. DISCUSSION

The reviewed literature shows that the integration of artifi-
cial intelligence and deep learning into Hantavirus research
remains an emerging but highly promising direction. Han-
tavirus is not only a clinical infection; it is also an ecological,
environmental, molecular, and public health problem. This
makes it suitable for data-driven investigation because mul-
tiple interacting factors shape disease emergence and trans-
mission risk. Rodent reservoir distribution, land-use change,
climate variability, viral genetics, human exposure behav-
ior, diagnostic capacity, and public health preparedness all
influence the probability of infection. Traditional epidemi-
ological methods remain essential, but they may be limited
when the relationships between these factors are nonlinear,
spatially heterogeneous, or temporally delayed. AI-based
methods can help address these challenges by identifying
hidden patterns across complex datasets and supporting ear-
lier detection, risk estimation, and decision-making. One
of the strongest themes emerging from the reviewed studies
is the importance of ecological intelligence in Hantavirus
prediction. Since Hantavirus transmission depends heavily
on reservoir hosts, surveillance systems that focus only on
confirmed human cases may detect risk too late. Rodent
population changes, habitat disturbance, land-use patterns,
environmental variation, and seasonal dynamics may provide
earlier indicators of possible spillover. Machine learning
models are especially suitable for this task because they can
integrate spatial, ecological, and environmental predictors
into risk maps or forecasting systems. However, the suc-
cess of such models depends on the availability of reliable
reservoir data, consistent geographic sampling, and accu-
rate environmental records. Without these inputs, AI models
may produce predictions that appear statistically strong but
lack ecological reliability. Another important finding is that
deep learning can contribute to Hantavirus research at the
molecular and biomedical levels. Sequence-based models,
antibody-design pipelines, epitope prediction frameworks,
and computer-aided drug-discovery systems suggest that AI
may accelerate the identification of vaccine targets, antiviral
candidates, and biologically meaningful viral features. These
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Figure 3. General biological overview of Hantavirus structure, transmission, clinical syndromes, genome organization, major species, and
prevention strategies.

approaches are particularly valuable because experimental
screening can be costly and time-consuming. Nevertheless,
computational prediction must not be treated as biological
confirmation. Any AI-generated vaccine candidate, antibody
design, antiviral peptide, or molecular interaction requires
laboratory validation before it can be considered clinically
meaningful. Therefore, AI should be viewed as a prioriti-
zation and discovery-support tool rather than a replacement
for experimental virology. The diagnostic potential of AI
is also significant. Hantavirus infection may be difficult to
recognize early because its symptoms can overlap with other
febrile, renal, or respiratory diseases. AI-based diagnostic
tools could support clinicians by integrating symptoms, labo-
ratory markers, exposure history, geographic risk, and imag-
ing or molecular data. Such tools may help reduce diagnostic
delay, improve triage, and support testing decisions. However,
clinical AI systems require carefully labeled datasets, exter-
nal validation, interpretability, and integration into healthcare
workflows. For rare or regionally concentrated diseases such
as Hantavirus, dataset scarcity remains a major barrier. Mod-
els trained on small or geographically narrow datasets may
fail when applied to different populations or viral lineages.
The reviewed literature also highlights the importance of in-
terpretability. In public health and clinical settings, model
accuracy alone is insufficient. Clinicians, epidemiologists,
and decision-makers must understand why a model produces
a certain prediction, especially when the output may influ-
ence diagnosis, treatment, surveillance priorities, or resource
allocation. Interpretable models are particularly important
for Hantavirus because risk is shaped by biological, ecolog-
ical, and social factors. A black-box model that predicts

high risk without explaining whether the signal comes from
reservoir density, climate conditions, land-use change, case
history, or clinical biomarkers may be difficult to trust or act
upon. Therefore, future Hantavirus AI systems should pri-
oritize explainable artificial intelligence, transparent feature
importance, uncertainty estimation, and domain-informed
validation. A further issue is the need for multimodal data
integration. Hantavirus research cannot rely on one data type
alone. Human case data provide clinical relevance but of-
ten arrive late. Rodent surveillance data provide ecological
insight but may be difficult to collect continuously. Envi-
ronmental data provide broad spatial coverage but may not
directly indicate infection. Genomic data provide molecular
detail but may be unevenly available. Social and behavioral
data provide exposure context but may be difficult to quantify.
The most effective AI systems will likely combine several
of these sources into unified surveillance frameworks. Such
multimodal integration could improve early warning by con-
necting environmental suitability, reservoir infection, viral
evolution, human exposure, and clinical detection.

Figure 4 illustrates the central theme of this review by show-
ing how artificial intelligence and deep learning can be inte-
grated into different stages of Hantavirus research and public
health response. The figure begins with the natural history of
Hantavirus, moving from reservoir hosts and virus shedding
to environmental contamination, human exposure, and clin-
ical disease. This sequence is important because AI-based
Hantavirus research cannot depend on clinical data alone. In-
stead, effective prediction requires information from ecolog-
ical, environmental, epidemiological, molecular, and social
sources. The figure also presents the major application do-
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Figure 4. Overview of artificial intelligence and deep learning applications in Hantavirus research, from ecological exposure to prediction,
diagnostics, molecular analysis, therapeutic discovery, surveillance, and public health response.

mains of AI in Hantavirus research, including ecological risk
prediction, outbreak forecasting, diagnostic support, genomic
and molecular analysis, therapeutic and vaccine discovery,
surveillance intelligence, and public health response optimiza-
tion. Therefore, Figure 4 supports the review’s argument that
AI and deep learning can strengthen Hantavirus detection,
prediction, and public health response when connected to
high-quality data and validated surveillance infrastructure.
Despite these opportunities, several limitations must be ac-
knowledged. First, Hantavirus-specific AI literature remains
limited compared with AI research on more widely studied in-
fectious diseases. Many methods discussed in this review are
transferable from broader viral, zoonotic, diagnostic, or deep
learning studies rather than fully developed for Hantavirus.
Second, data quality remains a major constraint. Inconsis-
tent surveillance, underreporting, missing ecological records,
and limited sequence availability can reduce model reliability.
Third, geographic bias may affect model generalization, since
Hantavirus species, reservoir hosts, and clinical syndromes
differ across regions. Fourth, many AI models are developed
in experimental or retrospective settings without real-world
deployment. Fifth, ethical and practical concerns must be
considered, especially when AI predictions influence public
health interventions, community risk communication, or clin-
ical decision-making. Overall, the discussion shows that AI
and deep learning can strengthen Hantavirus research when
used carefully and contextually. Their strongest contributions
are likely to emerge in ecological risk prediction, molecular
analysis, diagnostic decision support, therapeutic discovery,
and integrated surveillance. However, their practical impact
will depend on interdisciplinary collaboration among virol-

ogists, epidemiologists, ecologists, clinicians, public health
authorities, data scientists, and local communities. Future
work should move beyond isolated models and toward val-
idated, interpretable, field-ready systems that support real
decisions in Hantavirus monitoring and response.

4. CONCLUSION

This review examined the role of artificial intelligence and
deep learning in advancing Hantavirus research, with atten-
tion to detection, prediction, surveillance, diagnostics, molec-
ular analysis, therapeutic discovery, and public health pre-
paredness. The reviewed literature indicates that Hantavirus
is a complex zoonotic disease whose risk is shaped by inter-
actions among viral biology, reservoir-host ecology, environ-
mental change, human exposure, and healthcare detection
capacity. Because of this complexity, AI-based approaches
offer meaningful opportunities to improve how Hantavirus
risk is understood, modeled, and managed. The main conclu-
sion is that artificial intelligence can support Hantavirus re-
search across several interconnected levels. At the ecological
level, machine learning can help identify environmental and
reservoir-related predictors of spillover risk. At the molecular
level, deep learning and computational biology can support
sequence interpretation, epitope prediction, antibody design,
and antiviral candidate prioritization. At the clinical level, AI
may contribute to diagnostic support, severity prediction, and
treatment decision-making. At the public health level, intelli-
gent surveillance systems can help integrate heterogeneous
data sources and improve early warning. These contributions
show that AI should not be viewed as a single method, but
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as a broad computational framework that can support differ-
ent stages of Hantavirus monitoring and response. However,
the field remains at an early stage. Hantavirus-specific AI
applications are still relatively limited, and many available
methods are adapted from broader infectious disease research.
Major challenges include limited datasets, geographic bias,
lack of external validation, weak interpretability, fragmented
data systems, and insufficient integration with real-world
surveillance infrastructure. These limitations must be ad-
dressed before AI and deep learning can be reliably deployed
in Hantavirus decision-making. Future research should pri-
oritize the development of high-quality Hantavirus datasets
that combine clinical, ecological, genomic, environmental,
and socio-behavioral information. Greater attention should
also be given to explainable AI, model validation across dif-
ferent geographic regions, low-resource deployment, and
integration with public health workflows. In addition, compu-
tational predictions in vaccine design, therapeutic discovery,
and molecular diagnostics must be supported by experimental
validation. By combining robust data, transparent models,
and interdisciplinary collaboration, artificial intelligence and
deep learning can become valuable tools for strengthening
Hantavirus surveillance, preparedness, and disease control.
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