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Highlights 

Public health relevance: how does this work relate to a public health issue? 

• This work relates to weather conditions often induced by climate change, one of the greatest 

threats to public health globally, especially in socially and medically disadvantages populations. 

Public health significance: why is this work of significance to public health? 

• This work is of significance to public health as it discusses the use of artificial intelligence 

methods to help predict and manage health conditions by incorporating meteorological data. 

Public health implications: what are the key implications or messages for practitioners, policy 

makers and/or researchers in public health? 

• Inclusion of meteorological variables can enhance the prediction of health outcomes if strong 

methodological rigour and clear reporting standards are followed. 

Abstract 

Artificial intelligence (AI) has rapidly advanced as a key analytical tool for processing complex 

datasets across disciplines, including environmental and health research. Meteorological data is 

increasingly used to understand and mitigate health risks, often linked to climate change. This rapid 

review aims to synthesise studies involving AI for meteorological data applications in health research 

to better understand its use. PubMed, Web of Science, and Scopus were systematically searched from 

2020 to 2025 following a standardised framework in line with PRISMA-RR guidelines. Eligible studies 

included any empirical design involving human-related health research where AI techniques were 

applied to meteorological data. Two reviewers independently screened studies, extracted data, and 

synthesised findings narratively. Twelve studies met eligibility criteria. Despite heterogeneity in 

study design and sample size, most examined the impact of extreme pollution levels and temperature 

variations on the prevalence and severity of respiratory, bacterial, and other diseases. AI methods 

primarily included Random Forest models, as well as time-series and clustering analyses. Model 

performance was commonly evaluated using sensitivity; however, methodological justification was 

often insufficiently recorded. Overall, findings suggest that incorporating meteorological variables 

enhances the prediction of health outcomes, although detailed population characteristics were 

frequently underreported. This restricts the generalisability and applicability of AI-driven health 

models incorporating meteorological data, with stronger methodological rigour and clearer reporting 

standards needed to support reliable future development. 
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Background 

Climate hazards are increasingly recognised as major drivers of morbidity and mortality 

worldwide. Air pollution alone contributes to an estimated 4.2 million premature deaths annually, 

particularly in middle- to low-income countries (World Health Organisation, 2024), while mortality 

risk increases by 10–25% for each degree Celsius rise above regional temperature thresholds 

(Gasparrini et al., 2015; Mora et al., 2017). A 167% rise in heat-related deaths among adults aged ≥65 

years has been observed compared with the 1990s, exceeding demographic expectations and 

signalling rapidly worsening exposure and vulnerability associated with climate change (Romanello 

et al., 2024). Across Europe, an estimated 368,183 heat-related deaths occurred between 2010 and 

2022, of which 89% were among people aged ≥65 years (Wu et al., 2025). UK-focused analyses 

similarly confirm significant heat-related excess mortality and project further increases as warming 

continues (Dahil et al., 2025; Dickinson et al., 2025). Children are also at higher risk of weather-

induced conditions due to immature thermoregulation (Shapiro et al., 2024), while individuals with 

mental health conditions or long-term illness are particularly vulnerable (Government UK, 2025). In 

addition to heat, cold spells and flooding disproportionately affect these populations, contributing to 

cardiovascular stress, respiratory illness, displacement, and disruption of essential care (Stimpson et 

al., 2025). 

Meteorological variables—including ambient temperature, humidity, precipitation, 

atmospheric pressure, and air quality indices—are well established as key determinants of 

population health and healthcare demand. Historically, traditional statistical approaches have been 

used to quantify associations between environmental exposures and health outcomes, advancing 

understanding of climate–health relationships (Gasparrini et al., 2015; Mora et al., 2017). However, 

the rapid expansion in the volume, resolution, and diversity of environmental datasets has 

introduced analytical challenges. Meteorological data are inherently high-dimensional, non-linear, 

and spatio-temporally complex, making them increasingly difficult to model effectively using 

conventional methods alone (Kazanskiy et al., 2025). This has created a growing need for analytical 

approaches capable of integrating large-scale, multi-source datasets to support more accurate 

prediction and interpretation. 

Artificial intelligence (AI) methods, particularly machine learning and deep learning techniques, 

are increasingly being explored to address these challenges. These approaches have demonstrated 

improved forecasting accuracy, enhanced detection of extreme weather events, and greater capacity 

to model climate variability, especially when implemented as hybrid models combining physical and 

data-driven methods (Subramanian et al., 2022). AI-assisted weather prediction systems have also 

been shown to improve downscaling and reduce systematic biases compared with traditional models 

(Waqas et al., 2025). Such capabilities make AI particularly well-suited to handling the non-linear and 

spatio-temporal structures characteristic of meteorological data, positioning it as a promising tool for 

environmental health research (Adjei, 2025). Despite this potential, the application of AI to 

meteorological data within health research remains an emerging field with several unresolved 

challenges. AI models can be computationally intensive, requiring significant energy resources and 

contributing to greenhouse gas emissions and electronic waste (Chen et al., 2025; Ueda et al., 2024). 

Conversely, they may also reduce environmental impact through improved efficiency, optimisation, 

and more informed decision-making (Guo et al., 2025). Additionally, the inclusion and handling of 

demographic variables such as sex, age, and ethnicity are critical when developing predictive models, 

as failure to account for these factors can introduce bias and lead to inequitable performance, 

particularly in health-related applications (Nazer et al., 2023; Norori et al., 2021; Obermeyer et al., 

2019). 

Although AI has demonstrated strong potential in meteorology and climate science, there is 

limited consolidated evidence on how these tools are being applied specifically to meteorological 

data within health research, and what benefits, limitations, and implications arise from their use in 

this context. This represents a key gap, particularly as extreme weather events are increasing in 

frequency and intensity due to climate change (Kumar et al., 2023), which is now recognised as one 
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of the greatest threats to global health and disproportionately affects socially and medically 

disadvantaged populations (The Lancet Respiratory Medicine, 2025). Timely and reliable 

identification of weather-related health risks, and of populations most vulnerable to them, is 

therefore essential to prevent worsening health inequities. Therefore, this rapid review aims to 

synthesise recent studies involving AI for meteorological data applications in health research to better 

understand its use. 

Materials and Methods 

Study Design 

A rapid review followed the Reporting Items for Systematic Reviews and Meta-Analyses 

extension for rapid reviews (PRISMA-RR) (Table A1). Rapid reviews are especially suitable for 

emerging research areas such as AI and environmental health where evidence is expanding rapidly, 

with timely synthesis required to identify key trends and knowledge gaps (Stevens et al., 2025). 

Eligibility Criteria 

Peer-reviewed studies published in English between January 2020 and October 2025 were 

eligible for inclusion to capture recent applications of contemporary AI techniques. Studies of any 

empirical design were included if they applied artificial intelligence tools to meteorological data in 

the context of human health research. Studies were excluded if they did not incorporate an AI 

component, meteorological data, participant characteristics, or human health outcomes. Non-peer-

reviewed publications, including preprints, study protocols, commentaries, and conference abstracts, 

were also excluded. 

Information Sources and Search Strategy 

OpenAccess databases searched included PubMed, Web of Science, and Scopus. Search terms 

were developed with the assistance of a climate change expert, combining free-text keywords and 

controlled vocabulary (MeSH). These focused on the following phenomena: 1) artificial intelligence, 

including the terms machine learning, deep learning, predictive modelling, language processing, 

Random Forest, gradient boosting, and autoencoder; 2) meteorological data, including the terms 

environmental, climate, weather, temperature, humidity, air quality, and geostat; 3) health outcomes, 

including the terms healthcare, disease, illness, morbidity, and hospital; and 4) empirical study, 

including observational study, experimental study, quasi-experimental study, secondary study, and 

quantitative study. The complete search strategy is available in the supplementary material (Table 

A2). Hand searches of grey literature through Google Scholar were also included. 

Study Selection 

Following duplicate removal, two reviewers (LVM and LS) independently screened all titles and 

abstracts against the eligibility criteria in Rayyan (Ouzzani et al., 2016). Full texts of potentially 

relevant articles were retrieved for detailed assessment, with disagreements resolved through 

discussion or consultation with a third reviewer (CW). The study selection process is illustrated in a 

PRISMA flow diagram outlining numbers of records identified, screened, excluded, and included 

(Figure 1). 
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Figure 1.  PRISMA flow diagram with numbers of records identified, screened, excluded, and included for 

studies which examine use of meteorological data in artificial intelligence tools to address health outcomes. 

Data Extraction 

A standardised data extraction form was developed. Extracted variables included author, 

publication year, country, objectives, study design, data sources, meteorological variables, health 

outcomes, AI tools applied, model performance metrics, and reported findings and limitations. Data 

extraction was conducted independently by two reviewers (LVM and SG), with discrepancies 

resolved through discussion. 

Data Synthesis 

Due to heterogeneity in study aims, data sources, AI techniques, and outcome measures, 

narrative synthesis was conducted in line with the Synthesis Without Meta-analysis (SWiM) 

guidelines (Campbell et al., 2020). Findings were grouped by meteorological variable, health 
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outcome, and AI technique. Methodological patterns, model performance, and gaps in evidence were 

summarised. 

Results 

Using the eligibility criteria, 876 studies were identified of which 12 were included in this review. 

No additional grey literature was identified (Figure 1). 

Study Characteristics 

Most included studies were observational (n = 8), with fewer experimental designs (n = 2), 

alongside one longitudinal study [ID10] and one retrospective cohort study [ID11]. Study 

populations mainly comprised adults aged 18–65 years (n = 5) or children (n = 6); one study included 

both age groups [ID10], and one focused on adults aged ≥65 years [ID11]. Sex and age were reported 

in all studies, whereas ethnicity was reported in only one [ID11]. Sample sizes ranged from 12 to over 

10 million participants (<1,000, n = 4; 1,000–10,000, n = 6; >100,000, n = 2). Data collection periods 

varied from 20 minutes to 11 years (mean: 5 years), with one study not reporting duration [ID4]. Six 

studies were conducted in high-income countries (United States, n = 2; France, Italy, Japan, and South 

Korea, n = 1 each), predominantly in temperate climates. The remaining studies were undertaken in 

middle- to low-income settings with extreme climates (Bangladesh, China, Kenya, Mali, and Vietnam; 

n = 1 each), which are generally more exposed to weather-related risks. 

Meteorological Variables 

The most common climate variable included was air quality including particulate matter (PM in 

2.5 or 10 micrometres) and other pollutants, as well as temperature, including sunshine and thermal 

inversion (n = 6 each). Remaining studies addressed humidity and rainfall (n = 5), pressure and wind 

(n = 4), and seasonality (n = 2). To reconstruct these, ground stations or air sensors were used in all 

studies, with the majority also using satellite data (n = 7). How site-specific the measurements were 

depended on the study, ranging from local (n = 10) to regional [ID11] or national [ID8] (Table 1). 

Health Outcomes 

Health outcomes amongst included studies focused predominantly on respiratory disease such 

as asthma and chronic obstructive pulmonary disease (COPD) (n = 6), as well as bacterial or viral 

illness like diarrhoea (n = 4). The remaining studies focused on heat-related illness [ID2], migraine 

and headaches [ID5], COVID-19 [ID7], febrile illness including dengue [ID8], and cardiovascular 

disease [ID11]. Only one study [ID11] focused on multiple long-term conditions. These were assessed 

through physiological tests (n = 5), hospital records (n = 4), or self-reports (n = 4) (Tables 1 and 2). 

Artificial Intelligence Tools 

The most commonly used form of AI was decision trees including Random Forest (n = 5), 

followed by time-series or clustering analysis (n = 3), regression (n = 2), gradient boosting (n = 2), and 

multivariate/-layer analysis (n = 2). The remainder utilised support vector machine [ID1], feature 

selection [ID1], neural networks [ID5], deletion/substitution/addition analysis [ID10], or unspecified 

machine learning [ID9]. Performance metrics were not specified in four studies. When included, most 

assessed model sensitivity (n = 5). Area under the (receiving operator) curve (n = 4), specificity (n = 

3), and predictive capability or efficiency (n = 3) were also assessed. The remainder utilised correlation 

coefficient [ID1], root mean squared error [ID1], precision [ID2], overfitting [ID2], recall [ID2], 

validation [ID5], feature importance [ID5], Brier score [ID8], multicollinearity [ID9], robustness [ID9], 

and heterogeneity [ID9] (Tables 1 and 2). 

Reasoning behind the choice of each AI tool and performance metric included was often lacking 

(n = 7), and therefore the added benefit of using machine learning compared to statistical techniques 

was generally unclear but likely related to the size and complexity of datasets. Indeed, when 
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reported, justifications included the use of clustering to help identify vulnerable individuals [ID2] or 

find and understand patterns in health data (in [ID5], with no justification for remaining models used 

here), of regression to help select risk predictors in low signal-to-noise settings [ID3], of decision trees 

to help assess relative importance of pollution against other factors [ID7] or identify determinants 

and patients per virus [ID12], of mixed models for flexibility and consistency with previous work on 

disease aetiology [ID4], and of generic machine learning for unspecified computational reasons and 

to address heterogeneity or imbalances between groups [ID9]. The aforementioned ability of AI to 

process non-linear relationships and yield accurate predictions was highlighted throughout 

(especially in [ID12]) (Table 2). 

Reported Findings 

AI mostly played a role in the determination of aetiological factors of health outcomes studied 

(n = 8), followed by their diagnosis [ID8] or management [ID1], as well as identification of affected 

individuals [ID2] and prediction of prevalence [ID12]. Subgroup analysis was performed in 7 out of 

12 studies, predominantly comparing patient data across environmental conditions (n = 4) or 

comparing those with the disease in question or risk factors thereof with less vulnerable individuals 

(n = 3) to reveal additional insights that aid the model’s predictive value. This was often categorised 

through AI, using feature selection [ID1], clustering [ID2,5], regression [ID3], and heterogeneity 

analysis [ID9], but also manually based on known associations [ID3,6] or available data [ID4,5]. 

More specifically, studies using Random Forest identified that incorporation of air pollution and 

seasonality improved the predictive value of their model, as exposure to extremes linked to increased 

prevalence and severity of diarrhoea [ID4], dyspnoea [ID6], COVID-19 [ID7], asthma [ID10], and 

pneumonia [ID12]. Studies using time-series analysis and gradient boosting further identified that 

incorporation of temperature, humidity, air pressure, wildfire smoke, and seasonality also improved 

predictive value of their model, as exposure to extremes linked to increased prevalence and severity 

in respiratory and cardiovascular or heat-related disease [ID2,11], headaches [ID5], and febrile 

conditions [ID8]. Lastly, studies using regression or unspecified machine learning also identified that 

incorporation of rainfall, pollution, and temperature improved the predictive value of their model, 

as exposure to extremes linked to increased prevalence and severity of bronchitis [ID1,9] and vaginal 

bacteria [ID3]. As such, there was no clear association between AI technique used, meteorological 

variable integrated, and health outcome addressed, except for between pollution and respiratory 

disease (Table 2). 

Suggested Limitations 

Limitations were reported in 11 out of 12 studies (not in [ID9]). These predominantly involved 

data issues (n = 8), including selection bias in three studies, absence of recent or localised data in three 

studies, and lack of standards [ID4], misclassification [ID8], and exposure measurement error [ID11] 

in one study each. Furthermore, methodological steps were missed (n = 4), including lack of 

calibration [ID5], model determination [ID5], tests [ID6], subgroup analysis [ID7], and consideration 

of confounders [ID10]. Limited generalisability has also been recorded (n = 3), and experiments are 

described as not reflecting the real world due to the absence of extreme variations or multiple 

influencing factors (n = 3). Lastly, a short study duration (in [ID1,4] reflecting less than half an hour) 

and low sample size (in [ID1], reflecting a dozen healthy participants to predict asthma) has been 

identified (Table 2). 
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Table 1.  Study characteristics for included studies which examine use of meteorological data in artificial intelligence tools to address health outcomes. 

Author, year 

[ID] 
Objective 

Study design, 

population  
Data sources, duration  

Meteorological data 

included  
Health conditions addressed  Artificial intelligence type used  

Alotaibi et 

al., 2023 [1] 

Devise a personalised 

alert system tailored to 

individual lung 

function and 

environmental 

conditions to manage 

respiratory disease 

Observational pilot 

study of young 

adults in Saudi 

Arabia (n = 12)  

Pulmonary function 

tests, air quality sensor 

data collected over 20 

minutes  

Particulate matter, 

relative humidity, and 

ambient temperature  

Chronic respiratory disease  

Feature selection, linear regression, 

multilayer perceptron, support vector 

machine  

Choi et al., 

2024 [2] 

Propose a classification 

model using personal 

biometric 

characteristics to 

identify individuals 

who are vulnerable to 

hot environments 

Experimental study 

of men in South 

Korea (n = 70)  

Environmental 

sources, wearable 

device data collected 

over 65 minutes  

Air temperature, partial 

vapor pressure, mean 

radiant temperature, air 

velocity  

Heat-related illness  
Time-series clustering, k-means 

clustering  

Czapar et al., 

2024 [3] 

Examine water source, 

rainfall, and sanitation 

in relation to the 

vaginal microbiome 

Prospective 

observational 

cohort study of 

adolescent girls in 

Kenya (n = 436)  

Satellite 

measurements, gauge 

data, vaginal swabs, 

self-report data 

collected over 18 

months  

Rainfall, water source  
Bacterial vaginosis, vaginal 

community state  

L0L2 and Lasso regression with 

bootstrapping  

Garbern et 

al., 2022 [4] 

Develop and externally 

validate the accuracy of 

a mobile software 

application to predict 

viral-only aetiology of 

acute diarrhoea 

Prospective 

observational study 

of children in 

Bangladesh and 

Mali (n = 199)  

Global Environmental 

Monitoring System, 

weather station data 

collected over 

unspecified time  

Seasonality  Diarrhoea  
Random Forest, pre- and post-test 

odds  

Katsuki et 

al., 2023 [5] 

Predict the number of 

hourly headaches from 

weather factors 

Retrospective 

observational 

cross-sectional 

Symptom application, 

Japan Meteorological 

Agency data collected 

over 12 months  

Barometric pressure, 

humidity, temperature, 

rainfall  

Migraine, headache  

Time-series clustering, feed forward 

neural network, eXtreme Gradient 

Boosting  
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study of adults in 

Japan (n = 4 375)  

Maio et al., 

2025 [6] 

Investigate the 

association between 

long-term air pollution 

and COPD symptoms 

and diagnosis 

Observational 

study of adults in 

Italy (n = 14 420)  

Satellite observations, 

spatial(-temporal) 

data, self-report data 

collected over 6 years  

PM10, PM2.5, NO2, 

mean summer 

concentrations of O3  

COPD, dyspnoea, chronic 

cough/phlegm  
Random Forest  

Marques et 

al., 2022 [7] 

Assess the underlying 

effect of long-term 

exposure to NO2 and 

PM10 on the severity 

and mortality of 

COVID-19 

Retrospective 

observational study 

of adults in Spain 

(n = 2 112)  

Air monitoring cabins, 

hospital data collected 

over 6 years  

NO2 and PM10    COVID-19  
Random Forest, multivariate predictive 

models  

Ming et al., 

2022 [8] 

Assess the validity of a 

prediction tool for 

whether children have 

dengue or febrile 

illness using 

seasonality 

Prospective 

observational 

clinical study of 

children in 

Vietnam (n = 8 100)  

Hospital records, 

world bank data 

collected over 30 days  

Seasonality, 

temperature, average 

precipitation  

Dengue, other febrile illness  Gradient boosting machine learning  

Suarez 

Castillo et 

al., 2025 [9] 

Examine the 

differential impacts of 

early childhood air 

pollution exposure on 

children’s healthcare 

Quasi-experimental 

study of children in 

France (n ≈ 340 000)  

Satellite 

measurements, 

emission inventories, 

hospital data collected 

over 10 years  

Temporary increases in 

PM2.5, thermal 

inversions, wind 

direction  

Bronchitis, obstructive 

airway disease  
Generic machine learning  

Su et al., 

2024 [10] 

Examine the 

association between 

daily air pollution and 

respiratory symptoms 

in participants with 

asthma and COPD 

using digital sensors 

monitoring inhaler use 

Longitudinal study 

of children and 

adults in the 

United States (n = 3 

386)  

Digital sensors on 

inhalers for use and 

location, remote 

sensing of air quality, 

land use, land cover, 

vegetation, self-report 

data collected over 8 

years  

NO2, PM2.5, O3  Asthma, COPD  
Deletion/substitution/addition 

modelling, Random Forest  

Vega et al., 

2025 [11] 

Characterise the 

associations between 

PM2.5 exposure and 

Retrospective 

cohort study of 65+ 

year-olds in the 

Ground 

measurements, 

satellite observations, 

PM2.5 from wildfire 

smoke  

Respiratory disease, 

cardiovascular disease, 

cancer, injury, blood disease, 

Distributed lag models with splines, 

time-series analysis  
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cause-specific 

hospitalisations 

United States (n = 

10 369 361)  

reanalysis data 

sources, hospital data 

collected over 11 years  

neuropsychiatric disorder, 

digestive system disease, 

genitourinary disease, 

endocrine disorder, 

infectious and parasitic 

disease, connective tissue 

and musculoskeletal 

diseases, nervous system 

disease, and skin and 

subcutaneous tissue disease  

Wang et al., 

2021 [12] 

Assess the impact of 

meteorological 

indicators on 

pneumonia severity  

Prospective 

observational study 

of children in 

China (n = 6 611)   

Nasal swabs, surface 

stations, China Air 

Quality Online 

Monitoring and 

Analysis Platform data 

collected over 10 years  

Air temperature, wind 

speed, atmospheric 

pressure, relative 

humidity, precipitation, 

sunshine hours, surface 

temperature, air quality, 

PM2.5, PM10, SO2, CO, 

NO2, O3  

Pneumonia, viral 

codetections  
Random Forest  

Table 2.  Findings and limitations of included studies which examine use of meteorological data in artificial intelligence tools to address health outcomes. 

Author, 

year [ID] 
Model performance  Subgroup analysis  Key findings  Application to health outcomes Reported study limitations  

Alotaibi et 

al., 2023 

[1] 

Correlation coefficient, 

root mean squared error  

Yes 

(environmental 

conditions)  

Different environments elicit different 

pulmonary responses, allowing for 

predictive alerts for mitigation of asthma 

symptoms  

Pulmonary response to different air quality 

Low sample size, no 

extreme environmental 

variations, short study 

duration, healthy 

individuals 

Choi et al., 

2024 [2] 

Overfitting, sensitivity, 

specificity, recall, 

precision, area under the 

receiver operating curve 

Yes (vulnerability)  

Higher metabolic rate, related to BMI, body 

composition, heart rate, and body 

temperature, associated with higher 

vulnerability to heat strain  

Heat strain vulnerability based on 

physiological factors 

Experimental conditions 

not necessarily reflective of 

real world  

Czapar et 

al., 2024 

[3] 

Not specified  

Yes (water source, 

latrine type, study 

visit)  

Increased rainfall and streaming water 

associated with decreased risk of vaginal 

bacteria  

Impact of rainfall and water streaming on 

vaginal bacteria 
No water samples  
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Garbern et 

al., 2022 

[4] 

Urea under the curve, 

specificity, sensitivity  
Yes (country)  

Incorporation of seasonality aids in 

accurate identification of high likelihood of 

viral-only diarrhoea using machine 

learning  

Impact of seasonality on viral-only 

diarrhoea 

Limited generalisability, 

short study duration, no 

standardised thresholds  

Katsuki et 

al., 2023 

[5] 

Sensitivity, validation, 

feature importance  

Yes 

(environmental 

conditions, age, 

sex, season, 

location) 

Low barometric pressure, barometric 

pressure changes, higher humidity, and 

rainfall were associated with an increased 

number of headache occurrences  

Impact of air pressure, humidity and 

rainfall on headaches 

Selection bias, no 

determination of best 

predictive model, no 

calibration  

Maio et al., 

2025 [6] 
Not specified  Yes (smoking)  

Increases in PM10, PM2.5, and NO2 

increased COPD and dyspnoea diagnosis 

and symptoms  

Impact of air particles on COPD and 

dyspnoea diagnosis and symptoms 

No lung function testing, 

occupational exposure not 

considered, no recent data  

Marques 

et al., 2022 

[7] 

Not specified  No  
PM exposure increased COVID-19 severity 

and mortality  
Impact of air particles and COVID-19 

No PM exposure per 

severity group, assumes 

people live near admission 

hospital   

Ming et 

al., 2022 

[8] 

Area under the receiver 

operating curve, 

specificity, sensitivity, 

predictive value, Brier 

score  

No  

Seasonality affects febrile conditions and 

thereby model performance, while 

inclusion of climate variables did not affect 

model performance  

Seasonality and febrile conditions 

Selection bias, no localised 

weather, misclassification, 

lack patient data  

Suarez 

Castillo et 

al., 2025 

[9] 

Average effects, 

heterogeneity analysis, 

multicollinearity, 

robustness  

Yes (thermal 

inversion, wind 

direction, 

vulnerability, 

income, premature 

birth, exposure) 

Hospital emergency admission and drug 

delivery use for respiratory disease are 

higher during surges of air pollution, 

particularly in children with poor health 

indicators at birth  

Health service usage for respiratory disease 

during air pollution 
Not specified  

Su et al., 

2024 [10] 

Predictive capability, 

sensitivity  
No  

Increased air pollution links with increased 

inhaler use for respiratory symptoms, 

especially with multiple pollutants  

Air pollution and inhaler use 

Selection bias, limited 

generalisability, limited 

location information, lack 

potential confounders  

Vega et al., 

2025 [11] 
Not specified  

No (despite 

different 

ethnicities)  

Daily county-level unscheduled 

hospitalisations for respiratory concerns 

increased from same-day and preceding 

Wild-fires and hospital admission 

Exposure measurement 

error, residual 

confounding, no recent data 

or high concentrations  
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week smoke, and for cardiovascular disease 

non-statistically  

Wang et 

al., 2021 

[12] 

Area under the curve, 

prediction efficiency  
No  

Weather and pollution increased 

pneumonia severity, which associated with 

viral codetections  

Weather and pollution impact on 

pneumonia severity 

Data bias, limited 

generalisability  
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Discussion 

This rapid review aimed to synthesise evidence from recent studies using AI for meteorological 

data applications in health research to better understand its use. Twelve articles published between 

2020 and 2025 met eligibility criteria. Most were focused on utilising air quality and temperature data 

to predict the prevalence and severity of respiratory or bacterial diseases, with other work focusing 

on disease management, vulnerability estimations, and healthcare utilisation. AI tools predominantly 

involved Random Forest and time-series or clustering analysis, mostly assessed through sensitivity, 

yet the reasoning behind the choice of AI tool or performance metric was largely unreported and the 

added benefit of using AI compared to traditional statistical techniques was not made explicit. The 

low number of studies extracted reflects of a lack of participant characteristics in studies utilising AI 

and meteorological data in health settings, meaning they did not meet inclusion criteria, rather than 

a lack of studies themselves. Most of the excluded research utilised medical records without 

recording the sample size, and most of the included research showed an absence of ethnicity data in 

model building which likely leads to decreased performance. Existing health inequity may also be 

exacerbated by underrepresentation of those most vulnerable to weather-induced health risks, 

including adults aged ≥65 years and individuals living with mental health or long-term conditions, 

although children were considered in half the studies. High-income countries with temperate climate 

are less likely to be impacted by climate change than low-income countries with extreme climates, 

and as such their overrepresentation may affect generalisability. While findings indicated that 

incorporation of meteorological data can improve prediction of health outcomes, these 

methodological and data issues limit the comparability and reproducibility of such AI studies. 

Comparison to Existing Literature 

Our findings are in line with previous work. One review also highlighted the benefits and 

drawbacks of AI in environmental health, highlighting data heterogeneity, scalability, model 

accuracy, algorithmic bias, and ethical issues as obstacles. While it placed this in the context of low-

income countries and health inequity, it did not provide any participant characteristics for tool 

development including sample sizes (Adjei, 2025). Another systematic review focused on utilising 

machine learning to predict health risks associated with extreme weather conditions, particularly 

mortality, heat-related illness, and post-traumatic stress disorder. This too highlighted a low number 

of studies as well as the need for better quality data, development of data standards, and 

consideration of bias and health inequity. However, meteorological data other than extreme weather, 

such as the link between pollution and respiratory disease which is one of the main themes here, had 

not been addressed and recent articles were missing (Ssebyala et al., 2024). 

Indeed, the inclusion of air pollution in this review draws out the potential for targeted AI-

driven interventions to reduce the number of premature deaths this is known to induce. In addition, 

a recent governmental report found that climate adaptation efforts for health are insufficient in the 

UK (Government UK, 2025), requiring both short-term and long-term adaptation and mitigation 

strategies (Owhoro Ofremu et al., 2025). This review also draws out the potential for AI tools to 

predict service demand and medication usage during extreme weather conditions, which could lead 

to improved planning of healthcare capacity and resource management tailored to specific climate 

events (Bari et al., 2023). However, sustainable practices must be employed to ensure that AI for 

meteorological data applications in health research mitigates rather than exacerbates climate change, 

and as such weather-induced health risks. An interrogation of how the inclusion of AI’s 

environmental effects reshape ethics frameworks in global health confirmed the need for improved 

transparency in model building, as suggested in this work too (Collins et al., 2015; Fiske et al., 2025). 

Strengths and Limitations 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0641.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0641.v1
http://creativecommons.org/licenses/by/4.0/


 13 of 18 

 

This review provides the first comprehensive synthesis of recent studies combining various 

types of meteorological data, artificial intelligence, and health research. Strengths include the use of 

a transparent and systematic approach guided by PRISMA-RR methodology, the inclusion of dual 

independent screening and data extraction, and structured narrative synthesis across major 

databases. By focusing on studies published between January 2020 and October 2025, the most up-

to-date developments in AI are captured, thereby ensuring that findings reflect contemporary 

computational capabilities. It further highlights the diversity of AI techniques, meteorological 

variables, and health applications, providing valuable insight into how machine learning is being 

operationalised for different diseases. However, the rapid review design, while enabling timely 

synthesis of an emerging field, limits the breadth of database coverage and depth of formal quality 

appraisal. Restricting our inclusion criteria to English and peer-reviewed publications may have 

introduced language and publication bias, while the heterogeneity of methods and data precludes 

quantitative meta-analysis. 

Conclusions 

The escalating threat of climate change to morbidity and mortality underscores the urgent need 

for timely, accurate, and population-specific health predictions. This rapid review demonstrates that 

artificial intelligence has significant potential to support adaptive and mitigative action, by enhancing 

predictive models that identify individuals most at risk of negative weather-induced health 

outcomes. Such improvements could enable targeted interventions to prevent hospitalisation and 

premature death. However, the exclusion of vulnerable groups and limited reporting of participant 

characteristics, combined with a lack of clear model justification, undermine the robustness and 

reliability of such tools. Addressing these gaps will require stronger guidelines and greater 

methodological rigour in future research that applies AI modelling of meteorological variables to 

improve health outcomes. 
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Appendix A 

Table A1. PRISMA Checklist for the presented review of studies which examine use of meteorological data in 

artificial intelligence tools to address health outcomes. 

Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping 

Reviews (PRISMA-ScR) Checklist 

SECTION ITEM PRISMA-ScR CHECKLIST ITEM 

REPO

RTED 

ON 

PAGE 

# 

TITLE 

Title 1 Identify the report as a scoping review. 1 
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ABSTRACT 

Structured 

summary 
2 

Provide a structured summary that includes (as applicable): 

background, objectives, eligibility criteria, sources of evidence, 

charting methods, results, and conclusions that relate to the 

review questions and objectives. 

2 

INTRODUCTION 

Rationale 3 

Describe the rationale for the review in the context of what is 

already known. Explain why the review questions/objectives lend 

themselves to a scoping review approach. 

3-4 

Objectives 4 

Provide an explicit statement of the questions and objectives being 

addressed with reference to their key elements (e.g., population or 

participants, concepts, and context) or other relevant key elements 

used to conceptualize the review questions and/or objectives. 

4 

METHODS 

Protocol and 

registration 
5 

Indicate whether a review protocol exists; state if and where it can 

be accessed (e.g., a Web address); and if available, provide 

registration information, including the registration number. 

4 

Eligibility criteria 6 

Specify characteristics of the sources of evidence used as eligibility 

criteria (e.g., years considered, language, and publication status), 

and provide a rationale. 

4-5 

Information 

sources* 
7 

Describe all information sources in the search (e.g., databases with 

dates of coverage and contact with authors to identify additional 

sources), as well as the date the most recent search was executed. 

5 

Search 8 
Present the full electronic search strategy for at least 1 database, 

including any limits used, such that it could be repeated. 
5, 23 

Selection of 

sources of 

evidence† 

9 
State the process for selecting sources of evidence (i.e., screening 

and eligibility) included in the scoping review. 
5 

Data charting 

process‡ 
10 

Describe the methods of charting data from the included sources 

of evidence (e.g., calibrated forms or forms that have been tested 

by the team before their use, and whether data charting was done 

independently or in duplicate) and any processes for obtaining 

and confirming data from investigators. 

5 

Data items 11 
List and define all variables for which data were sought and any 

assumptions and simplifications made. 
5 

Critical appraisal 

of individual 

sources of 

evidence§ 

12 

If done, provide a rationale for conducting a critical appraisal of 

included sources of evidence; describe the methods used and how 

this information was used in any data synthesis (if appropriate). 

n/a 

Synthesis of 

results 
13 

Describe the methods of handling and summarizing the data that 

were charted. 
6 

RESULTS 

Selection of 

sources of 

evidence 

14 

Give numbers of sources of evidence screened, assessed for 

eligibility, and included in the review, with reasons for exclusions 

at each stage, ideally using a flow diagram. 

6-7 

Characteristics of 

sources of 

evidence 

15 
For each source of evidence, present characteristics for which data 

were charted and provide the citations. 
7-8, 11 

Critical appraisal 

within sources of 

evidence 

16 
If done, present data on critical appraisal of included sources of 

evidence (see item 12). 
n/a 
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Results of 

individual sources 

of evidence 

17 

For each included source of evidence, present the relevant data 

that were charted that relate to the review questions and 

objectives. 

8-13 

Synthesis of 

results 
18 

Summarize and/or present the charting results as they relate to the 

review questions and objectives. 
8-13 

DISCUSSION 

Summary of 

evidence 
19 

Summarize the main results (including an overview of concepts, 

themes, and types of evidence available), link to the review 

questions and objectives, and consider the relevance to key 

groups. 

14 

Limitations 20 Discuss the limitations of the scoping review process. 15 

Conclusions 21 

Provide a general interpretation of the results with respect to the 

review questions and objectives, as well as potential implications 

and/or next steps. 

16 

FUNDING 

Funding 22 

Describe sources of funding for the included sources of evidence, 

as well as sources of funding for the scoping review. Describe the 

role of the funders of the scoping review. 

16 

JBI = Joanna Briggs Institute; PRISMA-ScR = Preferred Reporting Items for Systematic reviews and Meta-

Analyses extension for Scoping Reviews. * Where sources of evidence (see second footnote) are compiled from, 

such as bibliographic databases, social media platforms, and Web sites. † A more inclusive/heterogeneous term 

used to account for the different types of evidence or data sources (e.g., quantitative and/or qualitative research, 

expert opinion, and policy documents) that may be eligible in a scoping review as opposed to only studies. This 

is not to be confused with information sources (see first footnote). ‡ The frameworks by Arksey and O’Malley (6) 

and Levac and colleagues (7) and the JBI guidance (4, 5) refer to the process of data extraction in a scoping review 

as data charting. § The process of systematically examining research evidence to assess its validity, results, and 

relevance before using it to inform a decision. This term is used for items 12 and 19 instead of "risk of bias" 

(which is more applicable to systematic reviews of interventions) to include and acknowledge the various 

sources of evidence that may be used in a scoping review (e.g., quantitative and/or qualitative research, expert 

opinion, and policy document). From: Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. 

PRISMA Extension for Scoping Reviews (PRISMAScR): Checklist and Explanation. Ann Intern Med. 

2018;169:467–473. doi: 10.7326/M18-0850. 

Table A2. Search terms to systematically identify studies which examine use of meteorological data in artificial 

intelligence tools to address health outcomes. 

MeSH and Free Text Search Terms  Filters/Refined by  Databases  

((“artificial intelligence” OR “machine learning” 

OR “deep learning” OR “prediction model” OR 

“predictive model” OR “predictive modelling” OR 

“language processing” OR “autoencoder” OR 

“Random forest” OR “gradient boosting”) 

AND 

(“meteorology” OR “meteorological” OR 

“environmental” OR “climate” OR “weather” OR 

“temperature” OR “humidity” OR “air quality” OR 

“forecast” OR “forecasting” OR “nowcast” OR 

“nowcasting” OR “geospatial” OR “geo-spatial” 

OR “geostat” OR “geo-stat”) 

AND 

(“health” OR “healthcare” OR “disease” OR 

“illness” OR “morbidity” OR “hospital” OR 

“epidemiology”) 

Restricted to the 

English language 

PubMed (n = 55 before 

screening)  

Web of Science (n = 407 

before screening)  

Scopus (n = 414 before 

screening)  
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AND 

(“empirical study” OR “observational study” OR 

“experimental study” OR “quasi-experimental 

study” OR “secondary study” OR “quantitative 

study”)) 

References 

1. Adjei FA. Artificial Intelligence and Machine Learning in Environmental Health Science: A Review of 

Emerging Applications. Communication in Physical Sciences 2025;12(5):1480-1492. 

2. Alotaibi M, Alnajjar F, Alsayed BA, et al. An Observational Pilot Study of a Tailored Environmental 

Monitoring and Alert System for Improved Management of Chronic Respiratory Diseases. Journal of 

Multidisciplinary Healthcare 2023;16:3799-3811. doi: 10.2147/JMDH.S435492.  

3. Bari LF, Ahmed I, Ahamed R, et al. Potential Use of Artificial Intelligence (AI) in Disaster Risk and 

Emergency Health Management: A Critical Appraisal on Environmental Health. Environmental Health 

Insights 2023;17:17:11786302231217808. doi: 10.1177/11786302231217808. 

4. Campbell M, McKenzie JE, Sowden A, et al. Synthesis without meta-analysis (SWiM) in systematic reviews: 

reporting guideline. BMJ 2020;368:l6890. doi: 10.1136/bmj.l6890. 

5. Chen Q, Wang J, Lin J. Generative AI exacerbates the climate crisis. Science 2025;387:587-587. doi: 

10.1126/science.adt5536. 

6. Choi Y, Seo S, Hong T, Koo C. A Classification Model Using Personal Biometric Characteristics to Identify 

Individuals Vulnerable to an Extremely Hot Environment. Journal of Management in Engineering 

2024;40(2):04024001. doi: 10.1061/JMENEA.MEENG-5495. 

7. Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent reporting of a multivariable prediction 

model for individual prognosis or diagnosis (TRIPOD): the TRIPOD statement. BMJ 2015;350:g7594. doi: 

10.1136/bmj.g7594. 

8. Czapar AE, Paul S, Zulaika G, Otieno F, et al. Water source, latrine type, and rainfall are associated with 

detection of non-optimal and enteric bacteria in the vaginal microbiome: a prospective observational cohort 

study nested within a cluster randomized controlled trial. BMC Infectious Diseases 2024;24(1):1419. doi: 

10.1186/s12879-024-10313-3. 

9. Dahil A, Pinn C, Smith L, et al. Examining the Health Impacts of Climate Change Through Electronic Health 

Records: A Rapid Review. MedRxiv 2025; 2025.08.27.25334567. doi: 10.1101/2025.08.27.25334567. 

10. Dickinson N, Spencer LH, Yang S, et al. Extreme Weather Events in the UK and Resulting Public Health 

Outcomes. International Journal of Public Health 2025;70:1607904. doi: 10.3389/ijph.2025.1607904. 

11. Fiske A, Radhuber IM, Willem T, et al. Climate change and health: the next challenge of ethical AI. The 

Lancet Global Health 2025;13(7):e1314–e1320. doi: 10.1016/S2214-109X(25)00124-X.  

12. Garbern SC, Nelson EJ, Nasrin S, et al. External validation of a mobile clinical decision support system for 

diarrhea etiology prediction in children: A multicenter study in Bangladesh and Mali. eLife 2022;11:e72294. 

doi: 10.7554/eLife.72294. 

13. Gasparrini A, Guo Y, Hashizume M, et al. Mortality risk attributable to high and low ambient temperature: 

a multicountry observational study. Lancet 2015;386(9991):369–375. doi: 10.1016/S0140-6736(14)62114-0. 

14. Government UK, 2025. The impact of climate change on health and social care services [Online]. 

15. Guo H, Huang L, Yan J, et al. Artificial intelligence in environmental research and health: Development 

and prospects. Environ Int 2025;203:109788. doi: 10.1016/j.envint.2025.109788. 

16. Kazanskiy N, Khabibullin R, Nikonorov A, et al. A Comprehensive Review of Remote Sensing and Artificial 

Intelligence Integration: Advances, Applications, and Challenges. Sensors 2025;25(19):5965. doi: 

10.3390/s25195965. 

17. Kumar S, Chatterjee U, David Ray A, et al. Global Warming and Climate Crisis/Extreme Events. In: 

Chatterjee U, Shaw R, Kumar S, et al. (eds) Climate Crisis: Adaptive Approaches and Sustainability. 

Sustainable Development Goals Series (Springer) 2023. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0641.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0641.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 18 

 

18. Katsuki M, Tatsumoto M, Kimoto K, et al. Investigating the effects of weather on headache occurrence using 

a smartphone application and artificial intelligence: A retrospective observational cross-sectional study. 

Headache 2023;63(5):585–600. doi: 10.1111/head.14482.  

19. Maio S, Fasola S, Marcon A, et al. Relationship of long-term air pollution exposure with chronic obstructive 

pulmonary disease: an Italian multicentre observational study. Occupational and Environmental Medicine 

2025;82(1):21–27. doi: 10.1136/oemed-2024-109650. 

20. Marquès M, Correig E, Ibarretxe D, et al. Long-term exposure to PM10 above WHO guidelines exacerbates 

COVID-19 severity and mortality. Environment International 2022;158:106930. doi: 

10.1016/j.envint.2021.106930. 

21. Ming DK, Tuan NM, Hernandez B, et al. The Diagnosis of Dengue in Patients Presenting With Acute Febrile 

Illness Using Supervised Machine Learning and Impact of Seasonality. Frontiers in Digital Health 

2022;4:849641. doi: 10.3389/fdgth.2022.849641. 

22. Mora C, Dousset B, Caldwell I, et al. Global risk of deadly heat. Nature Climate Change 2017;7:501–506. doi: 

10.1038/nclimate3322. 

23. Nazer LH, Zatarah R, Waldrip S, et al. Bias in artificial intelligence algorithms and recommendations for 

mitigation. PLOS Digital Health. 2023;2(6):e0000278. doi: 10.1371/journal.pdig.0000278. 

24. Norori N, Hu Q, Aellen FM, Faraci FD, Tzovara A. Addressing bias in big data and AI for health care: A 

call for open science. Patterns (NY) 2021;2(10):100347. doi: 10.1016/j.patter.2021.100347. 

25. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an algorithm used to manage 

the health of populations. Science 2019;366:447–453. doi: 10.1126/science.aax2342. 

26. Ouzzani M, Hammady H, Fedorowicz Z, Elmagarmid A. Rayyan: a web and mobile app for systematic 

reviews. Systematic Reviews 2016;5:210. doi: 10.1186/s13643-016-0384-4. 

27. Ofremu GO, Raimi BY, Yusuf SO, et al. Exploring the relationship between climate change, air pollutants 

and human health: Impacts, adaptation, and mitigation strategies. Green Energy and Resources 

2025;3(1):100074. doi: 10.1016/j.gerr.2024.100074. 

28. Romanello M, Walawender M, Hsu SC, et al. The 2024 report of the Lancet Countdown on health and 

climate change: facing record-breaking threats from delayed action. The Lancet 2024;404(10465):1847 –1896. 

doi: 10.1016/S0140-6736(24)01822-1. 

29. Schapiro LH, McShane MA, Marwah HK, et al. Impact of extreme heat and heatwaves on children's health: 

A scoping review. Journal of Climate Change and Health 2024;19:100335. doi: 10.1016/j.joclim.2024.100335.  

30. Ssebyala SN, Kintu TM, Muganzi DJ, et al. Use of machine learning tools to predict health risks from 

climate-sensitive extreme weather events: A scoping review. PLOS Climate 2024;3(1):e0000338. doi: 

10.1371/journal.pclm.0000338. 

31. Stimpson JP, Rashed AL, Pandya J, et al. Health equity in the wake of disasters and extreme weather: 

Evidence from an umbrella review. Health Affairs Scholar 2025;3(11):qxaf207. doi: 10.1093/haschl/qxaf207. 

32. Stevens A, Hersi M, Garritty C, et al. Rapid review method series: interim guidance for the reporting of 

rapid reviews. BMJ Evidence-Based Medicine 2025;30(2):118-123. doi: 10.1136/bmjebm-2024-112899. 

33. Suarez Castillo M, Benatia D, Le Thi C. Air pollution and children’s health inequalities. Journal of 

Environmental Economics and Management 2025;131:103149. doi: 10.1016/j.jeem.2025.103149. 

34. Su JG, Vuong V, Shahriary E, et al. Health effects of air pollution on respiratory symptoms: A longitudinal 

study using digital health sensors. Environment International 2024;189:108810. doi: 

10.1016/j.envint.2024.108810. 

35. Subramaniam, S, Raju N, Ganesan A, et al. Artificial Intelligence Technologies for Forecasting Air Pollution 

and Human Health: A Narrative Review. Sustainability 2022;14:9951. doi: 10.3390/su14169951. 

36. The Lancet Respiratory Medicine. Climate change crisis goes critical. The Lancet Respiratory Medicine 

2025;11(3):213. doi: 10.1016/S2213-2600(23)00056-5. 

37. Ueda D, Walston SL, Fujita S, et al. Climate change and artificial intelligence in healthcare: Review and 

recommendations towards a sustainable future. Diagnostic and Interventional Imaging 2024;105(11):453–459. 

doi: 10.1016/j.diii.2024.06.002. 

38. Vega SL, Childs ML, Aggarwal S, et al. Wildfire Smoke Exposure and Cause-Specific Hospitalization in 

Older Adults. JAMA Network Open 2025;8(4):e257956. doi: 10.1001/jamanetworkopen.2025.7956. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0641.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0641.v1
http://creativecommons.org/licenses/by/4.0/


 18 of 18 

 

39. Wang ZB, Ren L, Lu QB, et al. The impact of weather and air pollution on viral infection and disease 

outcome among pediatric pneumonia patients in Chongqing, China, from 2009 to 2018: A prospective 

observational study. Clinical Infectious Diseases 2021;73(2):e513–e522. doi: 10.1093/cid/ciaa997. 

40. Waqas M, Humphries UW, Chueasa B, et al. Artificial intelligence and numerical weather prediction 

models: A technical survey. Natural Hazards Research 2025;2:306–320. doi: 10.1016/j.nhres.2024.11.004. 

41. World Health Organisation, 2024. Ambient (outdoor) air pollution [Online]. 

42. Wu X, Wang J, Ge Y, et al.. Future heat-related mortality in Europe driven by compound day-night 

heatwaves and demographic shifts. Nature Communications 2025;16:7420. doi: 10.1038/s41467-025-62871-y. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 

of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 

disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 

products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0641.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0641.v1
http://creativecommons.org/licenses/by/4.0/

