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Abstract 

As climate change accelerates the emergence, expansion and intensity of infectious disease outbreaks, conventional 
surveillance and modelling approaches increasingly struggle to capture the complex, non-linear interactions between 
environmental drivers and pathogen transmission. This review critically examines the transformative potential of 
artificial intelligence (AI) in predicting and mitigating climate-driven infectious diseases with particular attention to 
building community health resilience in vulnerable settings. Drawing on recent advances in machine learning, deep 
learning and hybrid modelling techniques, the analysis reveals how AI integrates multi-source data from satellite 
observations and meteorological records to epidemiological surveillance and human mobility patterns to deliver 
improved outbreak forecasts and support proactive intervention strategies for vector-borne, water-borne and zoonotic 
diseases. While AI demonstrates clear advantages in early warning, resource optimization and scenario simulation, 
significant challenges persist which include algorithmic bias, digital divides, data governance concerns and limited 
evidence of large-scale health impact. The review underscores that meaningful contributions to community resilience 
will require not only technical refinement but also equitable implementation, co-design with affected populations and 
deeper integration with existing health systems. Ultimately, responsibly deployed AI offers a powerful instrument for 
strengthening adaptive capacity and safeguarding public health amid accelerating climatic disruption. 

Keywords: Artificial intelligence; Climate change; Infectious disease outbreaks; Disease prediction; Outbreak 
mitigation; Community health resilience; Early warning systems; Vector-borne diseases 

1. Introduction

The accelerating pace of climate change has intensified the re-emergence of infectious diseases, posing unprecedented 
challenges to global public health systems. Rising temperatures, altered precipitation patterns and extreme weather 
events create favorable conditions for vector proliferation, pathogen survival and shifts in disease transmission 
dynamics as well particularly in vulnerable regions. Traditional surveillance and modeling approaches often struggle to 
capture the complex, non-linear interactions between climatic variables and disease outbreaks. In response, artificial 
intelligence (AI) has emerged as a promising tool capable of integrating diverse datasets from satellite observations and 
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meteorological records to epidemiological surveillance to enhance prediction accuracy and support timely mitigation 
efforts [1][2]. 

This review examines the role of AI in predicting and mitigating climate-driven infectious disease outbreaks, with a 
focus on implications for building community health resilience. By synthesizing recent advances, the paper highlights 
how machine learning and deep learning techniques can address limitations of conventional models while identifying 
persistent gaps in data availability, model generalizability, as well as equitable implementation especially in low- and 
middle-income countries. 

1.1. Background on the Intersection of Climate Change and Infectious Disease Emergence 

Climate change influences infectious disease dynamics through multiple pathways that affect vector biology, pathogen 
replication rates and human-environment interactions. According to Caminade et al., recent warming has already 
facilitated the expansion of vector-borne diseases such as malaria and dengue into previously unsuitable highland and 
temperate regions with projections indicating further geographic shifts under various emission scenarios [3]. Findings 
from Thomson and Stanberry indicate that changes in temperature and precipitation patterns directly modulate 
mosquito breeding sites and the extrinsic incubation period of pathogens, thereby altering transmission intensity and 
seasonality [4]. 

In many tropical and subtropical areas, extreme events like floods and droughts exacerbate water-borne and vector-
borne outbreaks. For instance, increased flooding creates stagnant water pools which is ideal for the breeding of Aedes 
and Anopheles mosquitoes, while drought can concentrate human and vector populations around limited water sources 
thereby heightening contact rates. A scoping review by Kulkarni et al. compiled evidence demonstrating clear links 
between climate-driven rainfall changes and elevated transmission of both malaria and dengue, though effect sizes 
differ markedly by region and vector species [5]. 

These environmental shifts disproportionately burden vulnerable communities, where limited infrastructure and 
adaptive capacity amplify health impacts. Zavaleta-Monestel et al. observed that climate-driven geographic expansion 
of vectors has intensified disease pressure and co-infection rates in these settings [6]. Overall, the interplay between 
environmental change and disease ecology demands integrated approaches that move beyond siloed analyses of climate 
or health data alone. 

1.2. Rationale for AI as a Transformative Tool in Prediction and Mitigation 

Conventional statistical models frequently rely on linear assumptions and struggle with the high-dimensional, spatio-
temporal nature of climate-disease datasets. In contrast, AI techniques excel at uncovering non-linear patterns and 
handling multi-source inputs effectively. Inam et al. demonstrated in their review that machine learning and deep 
learning models, including random forests and long short-term memory networks consistently outperform traditional 
methods in forecasting climate-sensitive outbreaks by integrating real-time climate, surveillance and mobility data [1]. 

A systematic examination by Villanueva-Miranda et al. revealed that AI-powered early warning systems can improve 
outbreak detection speed and precision across diseases such as dengue and cholera, leveraging diverse inputs ranging 
from environmental measurements to digital signals [2]. Farooq et al. applied advanced AI approaches to disentangle 
eco-climatic drivers of West Nile virus outbreaks, achieving enhanced predictive performance over multi-year datasets 
[7]. The rationale extends beyond prediction to mitigation, where AI supports optimized resource allocation, targeted 
interventions and scenario simulations under varying climate projections. Such capabilities enable proactive rather 
than reactive public health responses, potentially reducing morbidity in climate-vulnerable settings where timely action 
is critical. 

1.3. Scope, Objectives and Significance for Global and Community Health 

This review focuses on AI applications in climate-driven infectious diseases, emphasizing vector-borne, water-borne 
and zoonotic categories, with particular attention to implications for community-level resilience in resource-limited 
contexts. The primary objectives are to map current AI methodologies, evaluate their predictive and mitigative efficacy 
based on published evidence, and synthesize challenges alongside pathways toward equitable implementation. The 
significance lies in informing health policy and practice amid accelerating climate impacts, as frameworks for climate-
smart public health increasingly integrate data science to strengthen resilient systems [8]. 

By centering community resilience, this paper addresses equity concerns such as digital divides and algorithmic bias 
that could otherwise widen health disparities. Borham et al. noted the growing adoption of AI in epidemic surveillance, 
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yet stressed the need for context-specific adaptations to maximize benefits in diverse geographic and socio-economic 
settings [9]. 

1.4. Overview of Review Methodology and Paper Structure 

The review draws on peer-reviewed literature published primarily between 2018 and 2025, sourced through 
systematic searches in databases such as PubMed, Google Scholar, and Scopus. Keywords combined terms related to 
artificial intelligence, climate change, infectious diseases, prediction, mitigation, and resilience. Inclusion criteria 
prioritized empirical studies, systematic reviews, and modeling papers that reported verifiable performance metrics or 
mechanistic insights; exclusion criteria applied to works published before 2018 (during which much things have not 
been studied about AI) and non-peer-reviewed sources. 

The paper proceeds with a detailed examination of climate-disease dynamics in Section 2, followed by AI methodologies 
in Section 3, specific applications in prediction in Section 4, mitigation in Section 5, implications for community 
resilience in Section 6 and then a concluding synthesis with forward-looking recommendations in Section 7. 

2. Climate Change and the Dynamics of Infectious Disease Outbreaks 

Climate change is reshaping the environmental conditions that govern the ecology and transmission of many infectious 
pathogens. Through alterations in temperature, precipitation, humidity, and the frequency of extreme events, it creates 
new opportunities for disease emergence, range expansion, and intensified outbreaks. These effects operate across 
multiple biological scales from vector physiology to human exposure patterns and often interact with socio-economic 
vulnerabilities. Traditional models have struggled to fully capture these non-stationary and synergistic processes, 
highlighting the value of detailed mechanistic understanding [4][11]. 

2.1. Mechanisms Linking Climate Variables to Disease Transmission 

Temperature acts as a key driver by influencing vector development, survival, and the rate at which pathogens mature 
inside them. According to Caminade et al., even modest warming can shorten the extrinsic incubation period of malaria 
parasites and dengue virus within mosquitoes, thereby extending transmission windows and enabling establishment in 
previously marginal areas [3]. Findings from Thomson and Stanberry indicate that rising temperatures accelerate 
mosquito larval growth and increase adult biting rates, while also modulating pathogen replication dynamics [4]. 
Precipitation variability further modulates these risks by determining the availability and quality of breeding habitats. 
A scoping review by Kulkarni et al. compiled evidence demonstrating clear links between climate-driven rainfall 
changes and elevated transmission of both malaria and dengue, though effect sizes differ markedly by region and vector 
species [5]. de Souza et al. emphasized that climate change impacts on vector-borne diseases can be multifaceted and 
complex, sometimes producing ambiguous or opposing consequences depending on local conditions [10]. 

Additional factors such as humidity and extreme weather events introduce further complexity. Flooding not only 
expands breeding sites but can also disrupt sanitation systems, promoting water-borne spread. Mora et al. provided a 
broad synthesis showing that climatic hazards have already aggravated 58% (218 out of 375) of known human 
pathogenic diseases through over 1,000 unique pathways [11]. Rocklöv and Dubrow described climate change as an 
enduring challenge for vector-borne disease prevention and control, noting how these stressors interact with ecological 
and social pathways to amplify pathogen survival and host exposure [12]. 

2.2. Key Disease Categories Affected by Climate Change 

Vector-borne diseases remain among the most climate-sensitive. Malaria and dengue have shown measurable range 
shifts and seasonal changes in response to warming and altered rainfall. Klepac et al., in their scoping review, explored 
effects of climate change on malaria and neglected tropical diseases, highlighting that amplitude and direction of 
impacts vary by disease and location and are often non-linear [13]. Franklinos et al. examined the effect of global change 
on mosquito-borne disease, underscoring expanded risks under future scenarios [14]. 

Water-borne illnesses, notably cholera, exhibit strong associations with climatic extremes. Flood events facilitate 
contamination of water sources, while drought can heighten exposure through reliance on unsafe supplies. These 
patterns illustrate how different disease categories respond to overlapping but distinct climatic influences. 

2.3. Global and Regional Patterns with Emphasis on Vulnerable Populations 

The burden of climate-influenced diseases falls disproportionately on low- and middle-income countries in tropical and 
subtropical zones. Sub-Saharan Africa, South and Southeast Asia, and parts of Latin America face compounded risks due 
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to favorable baseline climates for vectors combined with constraints in health infrastructure. Zavaleta-Monestel et al. 
documented how vector expansion has heightened disease pressure and co-infection rates in these settings [6]. 

In temperate and highland regions, new transmission foci have appeared during anomalously warm periods, often 
catching surveillance systems off guard. Such incursions highlight the shifting geographic patterns driven by 
progressive warming. Socio-economic and environmental inequities amplify these patterns. Populations with 
inadequate housing, limited access to clean water, and weak health services experience more severe outcomes. Such 
disparities call for resilience strategies that explicitly address structural vulnerabilities alongside environmental 
drivers. 

2.4. Gaps in Traditional Epidemiological Modeling 

Many conventional epidemiological approaches rely on assumptions of linearity and environmental stationarity that do 
not hold under accelerating climate change. They often have difficulty integrating heterogeneous spatio-temporal data 
or accounting for threshold effects, lagged responses, and interactions with non-climatic factors such as land-use change 
and mobility. As a result, forecasts may under- or over-estimate risks in dynamic settings [3][10]. 

Surveillance gaps in high-burden regions compound these modeling challenges. Long-term, fine-resolution climatic and 
disease data remain scarce in many vulnerable areas, limiting model calibration and validation. Alcayna et al. 
emphasized the importance of recognizing both climatic and non-climatic drivers when assessing climate sensitivity of 
infectious diseases, pointing to the need for more integrative frameworks [15]. Overall, these limitations reduce 
confidence in projections and hinder timely public health responses. 

3. Artificial Intelligence Methodologies for Disease Prediction and Mitigation 

Artificial intelligence has become a critical set of tools for addressing the complex, non-linear relationships between 
climate variables and infectious disease transmission. These methodologies integrate diverse data streams, including 
meteorological observations, satellite imagery, epidemiological reports, and human mobility patterns, to generate 
insights that conventional approaches often cannot achieve. By moving beyond linear assumptions, AI techniques 
support both prediction of outbreak risks and optimization of mitigation strategies under changing climatic conditions. 
Their application continues to expand as public health systems seek more responsive and data-driven solutions [16]. 

3.1. Overview of Core AI Techniques 

Machine learning algorithms such as support vector machines and random forests remain widely applied because they 
handle high-dimensional data effectively and provide stable performance even when some observations are missing. 
Inam et al. showed that these ensemble methods consistently outperform traditional statistical models when 
forecasting climate-sensitive outbreaks by capturing interactions among environmental and epidemiological variables 
[1]. 

Deep learning architectures add further capability for modelling temporal and spatial patterns. Long short-term 
memory (LSTM) networks are particularly useful for time-series forecasting, while convolutional neural networks excel 
at extracting spatial features from environmental data. Villanueva-Miranda et al., in their systematic review of early 
warning systems, found that deep learning approaches improve detection speed and precision for diseases such as 
dengue and cholera when combined with multi-source inputs [2]. Hybrid models that combine classical machine 
learning with deep learning components have gained attention for balancing interpretability and predictive power. 
These systems often integrate tree-based methods with recurrent networks to simultaneously address static risk factors 
and dynamic climate trends. Such combinations have shown promise in producing more reliable outputs across varying 
geographic and seasonal contexts [18]. 

Table 1 summarizes key AI methodologies applied to climate-driven infectious disease prediction and mitigation. It 
details core techniques, integrated data sources, targeted diseases, reported performance improvements, and 
advantages over conventional statistical models, illustrating how these approaches effectively capture complex non-
linear climate-disease interactions [1][2] 
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Table 1 AI Methodologies for Climate-Driven Infectious Disease Prediction and Mitigation: Techniques, Data Sources, 
Performance, and Advantages 

Ai 
technique 
category 

Specific 
models/ 

Architectures 

Key data sources 
integrated 

Disease 
categories 
targeted 

Reported 
performance 
metrics / 
improvements 

Advantages over 
conventional 
models 

Key 
references 

Machine 
learning 
(ensemble) 

Random 
Forests, Support 
Vector 
Machines, 
XGBoost 

Meteorological 
records, satellite 
observations, 
epidemiological 
surveillance, socio-
environmental 
factors 

Vector-
borne 
(malaria, 
dengue), 
water-
borne 

AUC 0.85–0.92; 
10–25% 
accuracy gains 
in multi-country 
evaluations 

Handles high-
dimensional non-
linear interactions 
and missing data 
effectively; robust in 
data-sparse LMIC 
settings 

Inam et al. 
[1]; 
Villanueva-
Miranda et 
al. [2]; 
Farooq et 
al. [7] 

Deep 
learning 

Long Short-
Term Memory 
(LSTM) 
networks, 
Convolutional 
Neural 
Networks 
(CNN) 

Time-series 
climate data, 
satellite imagery 
for breeding sites, 
human mobility 
patterns 

Dengue, 
cholera, 
vector-
borne 
diseases 

Improved 
detection speed 
and precision; 
strong 
performance in 
provincial 
incidence 
forecasting 

Captures lagged 
effects of 
rainfall/temperature 
and spatial patterns 
from remote sensing; 
outperforms 
traditional time-
series approaches 

Villanueva-
Miranda et 
al. [2]; Inam 
et al. [1]; 
Nguyen et 
al. [26] 

Hybrid 
models 

Tree-ensemble 
+ Recurrent 
Networks; 
Mechanistic-
epidemiological 
+ AI 

Climate 
projections, 
surveillance, 
genomic and 
mobility data 

Vector-
borne, 
water-
borne, 
zoonotic 
under 
climate 
scenarios 

Enhanced 
reliability 
across 
geographic and 
seasonal 
contexts; better 
scenario 
simulation 

Balances 
interpretability with 
predictive power; 
maintains biological 
plausibility under 
uncertain climate 
projections 

Inam et al. 
[1]; Chen 
and Moraga 
[18][30]; 
Pley et al. 
[35] 

Explainable 
ai (xai) 

SHAP values 
combined with 
tree-based or 
deep models 

Climatic variables 
(temperature, 
humidity, rainfall), 
sociodemographic 
and landscape 
features 

Dengue, 
malaria, 
climate-
sensitive 
outbreaks 

Reveals 
dominant 
drivers (e.g., 
temperature 
and humidity); 
increases model 
trust and 
adoption 

Improves 
interpretability of 
complex models; 
aligns predictions 
with known climate-
disease mechanisms 

Rahman et 
al. [27]; 
Inam et al. 
[1]; 
Villanueva-
Miranda et 
al. [2] 

Early 
warning & 
decision-
support 

Ensemble ML 
with 
optimization; 
Reinforcement 
learning 
elements 

Multi-source real-
time climate, 
mobility, and 
surveillance data 

Dengue, 
cholera, 
malaria 
resurgence 

1–3 month lead 
times; graded 
risk levels; 
shortened 
response times 
in pilots 

Enables proactive 
rather than reactive 
interventions; 
supports optimized 
resource allocation 

Inam et al. 
[1]; 
Villanueva-
Miranda et 
al. [2]; 
Rahman et 
al. [27] 

ML, Machine Learning; LMIC,; Low- and Middle-Income Countries;  AUC, Area Under Curve 

Then figure 1 illustrates a conceptual depiction of the AI/ML modeling process applied to climate-infectious disease 
linkages, highlighting the steps from defining analysis objectives through data integration and model outputs. This 
framework underscores how AI moves beyond traditional approaches by enabling precise, multi-source predictive 
analytics 
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Figure 1 Conceptual Framework for AI/ML in Linking Climate Change and Infectious Diseases [58] 

3.2. Data Sources, Preprocessing, and Model Evaluation Metrics 

Successful AI applications depend on the quality and integration of multiple data types, ranging from ground weather 
stations and remote sensing products to health surveillance records and genomic information. Preprocessing typically 
involves normalization, imputation of missing values, and careful feature engineering to reduce noise and 
multicollinearity. Studies applying random forest-based techniques have demonstrated the value of such imputation 
when working with global climatic and disease datasets that frequently contain gaps [19]. 

Model performance is commonly assessed using metrics such as the area under the receiver operating characteristic 
curve, root mean square error and F1-score. Many studies report AUC values between 0.85 and 0.92 for short- to 
medium-term predictions, although accuracy tends to decrease when models are tested in new regions or under 
extreme climate scenarios. These metrics help quantify improvements over baseline statistical models but must be 
interpreted alongside external validation results [16][20]. 

3.3. Advantages Over Conventional Statistical Models 

Conventional epidemiological models frequently rely on assumptions of linearity and environmental stationarity that 
do not hold well under climate change. In contrast, AI techniques discover complex, non-linear patterns without 
requiring strong prior specifications. Inam highlighted that machine learning and deep learning models capture real-
time climate-disease interactions more effectively than traditional time-series methods, particularly for vector-borne 
and water-borne diseases [1]. 

Pley et al. observed that digital innovations, including AI algorithms, enable faster processing of large datasets and yield 
higher detection accuracy for climate-driven vector-borne outbreaks compared with conventional surveillance 
approaches [15]. Tree-ensemble and recurrent network methods have repeatedly demonstrated superior classification 
and forecasting performance in multi-country evaluations [21]. 
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Hybrid architectures further extend these advantages by allowing mechanistic knowledge to be combined with data-
driven learning. This integration helps maintain biological plausibility while improving predictive skill under uncertain 
future climate projections [18]. 

3.4. Ethical and Technical Considerations 

Despite clear performance gains, AI methodologies raise important technical and ethical challenges. Models trained on 
data from well-monitored regions may perform poorly when applied to low-resource settings where surveillance is 
sparse, leading to potential bias and reduced generalizability. Researchers have stressed the need for careful validation 
across diverse socio-economic and climatic contexts to avoid exacerbating existing health inequities [19][22]. 

Explainability remains a central concern for adoption in public health decision-making. Tools such as SHAP (SHapley 
Additive exPlanations) values (an explainable AI (XAI) technique used to interpret complex machine learning models) 
help reveal the contribution of individual features, including specific climatic variables, to model predictions. Studies 
applying SHAP to dengue and other climate-sensitive diseases have shown that temperature and humidity often emerge 
as dominant drivers, increasing trust when results align with domain knowledge [23]. 

Responsible deployment also requires attention to data privacy, governance frameworks and interdisciplinary 
collaboration. Without transparent processes and external validation, even high-performing models risk limited uptake 
by health authorities. Addressing these issues through explainable AI and federated learning approaches represents an 
important direction for future methodological development [17][24]. 

4. AI-Driven Prediction of Climate-Driven Infectious Disease Outbreaks 

Artificial intelligence models have demonstrated growing potential to forecast climate-influenced infectious disease 
outbreaks by integrating environmental, climatic, and epidemiological data streams. These approaches capture non-
linear and spatio-temporal relationships that traditional statistical methods frequently overlook. In practice, many 
models deliver useful lead times for public health decision-making, though their performance depends heavily on data 
availability, regional context, and the specific forecast horizon chosen. This section reviews documented applications, 
integration strategies, performance indicators, and persistent limitations reported in the literature [1][2]. 

4.1. Applications in Forecasting Vector-Borne Diseases 

Vector-borne diseases such as malaria and dengue have attracted substantial AI modelling efforts due to their well-
documented sensitivity to temperature, rainfall, and humidity. Inam et al. described how machine learning early 
warning systems in sub-Saharan Africa combine climate variables with health records to anticipate malaria resurgence 
periods [1]. 

For dengue fever, several studies report encouraging lead times of one to two months. An AI-based early-warning 
system developed for India uses meteorological and health data to predict outbreaks approximately two months in 
advance, potentially allowing health officials more time to prepare interventions [25]. In Vietnam, deep learning models 
incorporating multiple climate factors have been tested for forecasting dengue incidence, with LSTM-based 
architectures showing competitive performance across provinces [26]. 

Explainable tree-based models have also been applied successfully in Bangladesh. Rahman et al. constructed an 
interpretable machine learning framework using climatic, sociodemographic, and landscape features to generate 
dengue risk predictions and outbreak alerts [27]. These examples highlight how AI can support both seasonal risk 
mapping and localized hotspot identification in regions where climate variability drives transmission intensity. 

4.2. Applications in Water-Borne and Zoonotic Outbreaks 

Water-borne diseases such as cholera show clear associations with extreme rainfall and flooding that facilitate pathogen 
dissemination through contaminated water sources. AI frameworks have been explored for cholera prediction by fusing 
spatio-temporal climate data with socio-environmental indicators. One approach combined ensemble machine learning 
with long short-term memory networks, identifying rainfall patterns and sanitation coverage as influential predictors 
[28]. 

Zoonotic diseases receive comparatively less dedicated climate-AI modelling, yet some studies incorporate habitat 
shifts and surveillance data to estimate spillover risks. Overall, the literature indicates that data fusion strategies 
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developed for vector-borne diseases often transfer usefully to water-borne contexts when near-real-time inputs are 
accessible [4][29]. 

4.3. Spatio-Temporal Modeling, Early Warning Indicators, and Performance Benchmarks 

Spatio-temporal modelling forms a core component of many AI prediction systems, generating risk maps and early 
warning signals at district or provincial scales. Convolutional and recurrent neural network architectures help capture 
both spatial distribution of breeding sites and lagged effects of rainfall events. Reported performance frequently 
includes area under the curve values above 0.85 for short-term forecasts, with some models showing accuracy gains of 
10–25% over conventional time-series baselines [17][30]. 

Lead time remains an important practical benchmark. Models capable of one- to three-month forecasts are viewed as 
particularly valuable for operational planning, such as vector control or public messaging campaigns. However, 
predictive skill commonly declines with longer horizons or when models are applied to new geographic areas without 
local recalibration [31][32]. 

Integration of satellite observations and electronic health records has been shown to strengthen hotspot detection in 
several pilot systems. These multi-source approaches can flag emerging risks before routine surveillance registers sharp 
case increases [20][33]. 

4.4. Limitations Observed in Existing Models 

Despite notable advances, published AI prediction studies consistently identify several limitations. Data scarcity in 
many low-resource settings restricts robust training and external validation, often reducing model generalizability 
when transferred beyond well-monitored regions [1][34]. Overfitting remains a concern, particularly when historical 
training data do not adequately represent extreme climate events. Even statistically strong models may see performance 
drops under novel conditions [35]. 

Translating predictions into timely public health action poses another practical challenge. Outputs that lack sufficient 
interpretability or fail to align with local decision-making workflows tend to see limited adoption by health authorities 
[27][36]. Algorithmic bias linked to uneven data representation across populations can further undermine equitable 
use of these tools. These constraints underscore the importance of continued focus on domain adaptation, rigorous 
external validation, and sustained collaboration between modellers and frontline public health teams. 

5. AI Strategies for Mitigating Climate-Driven Infectious Disease Outbreaks 

Artificial intelligence is increasingly applied not only to predict climate-driven infectious disease outbreaks but also to 
support targeted mitigation efforts that reduce transmission and lessen health impacts. These strategies focus on 
optimizing resource allocation, timing interventions, and simulating response scenarios under different climate 
conditions. By processing real-time and projected data, AI tools help public health authorities move from reactive to 
proactive measures, particularly in resource-limited settings where timely decisions are critical. This section examines 
documented AI applications in mitigation, their integration into early warning and decision-support systems, and 
evidence of outcomes from published studies [1][2]. 

5.1. AI-Optimized Interventions and Resource Allocation 

AI techniques assist in prioritizing interventions such as vector control, vaccination campaigns, and public health 
messaging by identifying high-risk locations and time periods. Inam et al. noted that machine learning models can 
recommend optimal allocation of limited insecticide or bed-net resources based on predicted outbreak hotspots, 
improving cost-effectiveness in malaria-endemic areas [1][6]. 

For dengue control, optimization algorithms have been used to guide targeted larviciding and adulticiding operations. 
Studies show that AI-supported scheduling can reduce vector density more efficiently than uniform application 
strategies, especially when climate forecasts indicate elevated transmission risk [37]. In water-borne disease response, 
AI has helped model the impact of sanitation improvements and water treatment interventions under varying rainfall 
scenarios, allowing authorities to focus efforts where contamination risk is highest [28][38]. 

Table 2 presents documented AI applications across major climate-driven disease categories, including specific 
approaches, performance outcomes, supported mitigation strategies, and implications for community health resilience 
in vulnerable settings [35]. 
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Table 2 AI Applications in Prediction and Mitigation of Climate-Driven Infectious Diseases: Approaches, Performance, 
Mitigation Strategies, and Resilience Implications 

Diseas
e 
categor
y 

Geographic/sett
ings focus 

Ai 
approach
es used 

Key inputs 
& lead time 

Performanc
e highlights 
/ outcomes 

Mitigatio
n 
strategies 
supporte
d 

Community 
resilience 
implications 

Key 
referenc
es 

Vector-
borne 
(malari
a & 
dengue
) 

Sub-Saharan 
Africa, India, 
Vietnam, 
Bangladesh 

Random 
Forests, 
LSTM, 
Interpreta
ble tree-
based 
models 

Meteorologi
cal data, 
satellite 
observation
s, health 
surveillance
, mobility; 
1–2 months 

AUC >0.85; 
10–25% 
improvemen
t over 
baselines; 
better 
hotspot and 
seasonal risk 
mapping 

Optimized 
vector 
control 
(insecticid
es, bed-
nets); 
targeted 
interventi
ons during 
high-risk 
periods 

Strengthens 
early warning 
and localized 
preparedness 
in climate-
vulnerable 
communities 

Inam et 
al. [1]; 
Rahman 
et al. 
[27]; 
Nguyen 
et al. [26] 

Water-
borne 
(choler
a) 

Flood-prone 
regions (e.g., 
Nigeria and 
similar settings) 

Ensemble 
ML 
combined 
with LSTM 
hybrids 

Spatio-
temporal 
rainfall, 
sanitation 
indicators, 
climate data 

Improved 
outbreak 
detection; 
rainfall and 
sanitation 
identified as 
strong 
predictors 

Prioritizati
on of 
sanitation 
and water 
treatment 
under 
varying 
climate 
scenarios 

Reduces 
impact of 
extreme 
weather 
events 
(floods/droug
hts) on 
vulnerable 
populations 

Villanue
va-
Miranda 
et al. [2]; 
Inam et 
al. [1]; 
Kulkarni 
et al. [5] 

Vector-
borne 
(west 
nile & 
general
) 

Temperate/highl
and regions with 
range expansion 

Advanced 
AI for eco-
climatic 
driver 
analysis 

Climate 
variables, 
vector 
habitat data, 
environmen
tal records 

Enhanced 
predictive 
performance; 
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5.2. Role in Early Warning Systems and Decision-Support 

Early warning systems enhanced by AI provide actionable alerts that trigger mitigation activities before cases surge. It 
has also been highlighted by researchers that AI-powered platforms integrate climate, mobility, and surveillance data 
to generate graded risk levels, enabling timely deployment of response teams [17]. 

Decision-support tools built on reinforcement learning or optimization frameworks simulate multiple intervention 
scenarios under projected climate conditions. These systems help planners evaluate trade-offs between different 
mitigation options, such as the balance between vector control intensity and vaccination coverage [39]. Real-world 
pilots have demonstrated that AI-driven alerts can shorten response times and contribute to lower case numbers when 
linked directly to operational protocols [35][40]. 

Figure 2 presents an AI agents-driven closed-loop framework that integrates surveillance, risk evaluation, early 
warning, and decision support. Such architectures can be adapted for climate-driven outbreaks, enabling real-time data 
fusion and optimized mitigation responses under varying environmental conditions 

 

Figure 2 AI Agents-Driven Closed-Loop Framework for Epidemic Intelligence [59] 

5.3. Hybrid AI Approaches for Simulation of Mitigation Scenarios 

Hybrid models that combine mechanistic epidemiological knowledge with data-driven AI are particularly useful for 
simulating mitigation under future climate projections. These approaches allow testing of “what-if” scenarios, such as 
the effect of shifting rainfall patterns on the effectiveness of current vector control measures [31][41]. 
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By incorporating uncertainty estimates, hybrid systems generate probabilistic outputs that support more robust 
planning. Researchers have applied such models to evaluate long-term adaptation strategies, including changes in urban 
design or community-based surveillance that could buffer against climate-amplified outbreaks [42]. Performance 
evaluations often show that hybrid AI frameworks provide more realistic projections of intervention impact than purely 
statistical or purely mechanistic models alone [43]. 

5.4. Real-World Implementations and Evidence of Reduced Morbidity 

Several field implementations have begun to link AI mitigation tools with measurable health outcomes. In parts of 
Southeast Asia and Africa, AI-supported early warning systems have been associated with faster deployment of control 
measures and modest reductions in reported cases during seasonal peaks [44]. 

However, evidence of large-scale impact remains emerging rather than definitive. Most published evaluations rely on 
retrospective analysis or small-scale pilots, with calls for more rigorous prospective studies to quantify reductions in 
morbidity and mortality [45][46]. Challenges in scaling these systems include limited integration with existing health 
infrastructure and the need for continuous model updating as climate patterns evolve. Addressing these barriers 
through sustained stakeholder collaboration remains essential for translating AI mitigation strategies into sustained 
public health gains [36][47]. 

6. Implications for Community Health Resilience 

Artificial intelligence holds significant promise for strengthening community health resilience against climate-driven 
infectious disease outbreaks by enhancing adaptive capacity at the local level. It can support localized surveillance, 
equitable resource distribution, and community-informed decision-making while addressing structural vulnerabilities 
in low- and middle-income settings. However, realizing these benefits requires careful attention to equity, data 
governance, and integration with existing community structures. This section explores how AI contributes to adaptive 
capacity, key challenges and barriers, case examples, and recommendations for scalable, community-centred 
frameworks [8]. 

6.1. How AI Enhances Adaptive Capacity at Community Levels 

AI applications can improve community-level surveillance by integrating local environmental data with broader climate 
projections to generate actionable risk information. Golden et al. described climate-smart public health frameworks that 
leverage data science and AI to build resilience by guiding adaptation strategies tailored to local contexts [8][48]. 

At the community scale, AI tools support equity-focused interventions by identifying vulnerable subpopulations and 
prioritizing support for those with limited access to health services. Federated learning approaches allow models to be 
trained across decentralized datasets without centralizing sensitive information, preserving privacy while enabling 
broader participation [49]. 

Community health workers can benefit from AI-assisted decision tools that provide real-time guidance on outbreak 
risks and intervention timing. Such tools have the potential to strengthen local response capacity when designed with 
input from end-users and aligned with existing health system workflows [50]. 

6.2. Challenges and Barriers: Data Governance, Algorithmic Bias, and Digital Divides 

Despite its potential, AI deployment faces substantial barriers that can undermine community resilience. Algorithmic 
bias arises when training data under-represent marginalized populations or regions, leading to less accurate predictions 
for the very communities that face the highest risks [23][51]. 

The digital divide remains a critical obstacle, as many vulnerable communities lack reliable internet access, devices, or 
digital literacy required to engage with AI-supported systems. This gap risks widening existing health inequities rather 
than narrowing them [52]. Data governance issues, including concerns around ownership, privacy, and consent, further 
complicate implementation in community settings. Without transparent and participatory governance frameworks, 
trust in AI tools may erode, limiting their adoption and effectiveness [53]. 

6.3. Case Examples of Resilience-Building in Urban/Rural and LMIC Settings 

In urban and rural settings across low- and middle-income countries, pilot initiatives have begun demonstrating how 
AI can support localized resilience. Some AI-enhanced early warning platforms in Southeast Asia and sub-Saharan Africa 
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have helped communities prepare for dengue and malaria surges linked to seasonal climate patterns, leading to faster 
community mobilization [27][44]. 

In rural areas with limited health infrastructure, mobile-based AI tools have assisted community health workers in 
prioritizing outreach and education efforts during climate-related risk periods. These examples illustrate the value of 
context-specific adaptations that combine technological solutions with local knowledge [54]. However, scaling such 
initiatives remains challenging. Successful cases often involve strong partnerships between technologists, local health 
authorities, and community representatives to ensure tools are culturally appropriate and practically usable [55]. 

6.4. Recommendations for Scalable Frameworks and Future Policy Directions 

To advance equitable resilience, future frameworks should prioritize co-design processes that involve affected 
communities from the outset. Federated and edge-computing approaches can reduce reliance on centralized 
infrastructure while addressing privacy concerns [49][56]. 

Policy recommendations include investment in digital infrastructure in vulnerable regions, development of bias-
auditing standards for health AI, and integration of AI tools into national adaptation plans for climate-sensitive diseases. 
Interdisciplinary collaboration between data scientists, public health practitioners, and social scientists will be essential 
to translate technical capabilities into sustainable community benefits [50][57]. Overall, AI can contribute meaningfully 
to community health resilience only when deployed as part of broader efforts to address structural inequities and 
strengthen local health systems. 

7. Conclusion 

Climate change is intensifying the emergence and spread of infectious diseases, challenging traditional public health 
approaches. This review has synthesized the role of artificial intelligence in predicting and mitigating climate-driven 
outbreaks, with emphasis on implications for community health resilience. AI techniques, including machine learning 
and hybrid models, have demonstrated superiority over conventional methods by capturing complex climate-disease 
interactions and supporting timely forecasting and intervention. Applications in prediction and mitigation show 
promising lead times, hotspot identification, and optimized resource allocation, particularly for vector-borne and water-
borne diseases. At the community level, AI offers potential to enhance adaptive capacity through localized surveillance 
and equity-focused decision support. However, persistent barriers such as algorithmic bias, digital divides, and weak 
health system integration continue to limit impact. Future progress depends on co-design with communities, bias 
mitigation, privacy-preserving methods, and stronger alignment with national adaptation plans. When implemented 
responsibly and equitably, artificial intelligence can serve as a valuable tool for strengthening community resilience 
amid accelerating climate change. 
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