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A Rapidly Warming World
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IPCC AR5 2014

Net 0 by 2050 Current rate of emissions

“Climate change is the biggest global health threat of the 21st century”
Lancet Commission 2020
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Climate-Health 
Impacts

- Direct
- Indirect

- Long-term

Haines et al. Engl J Med 2019 
DOI: 10.1056/NEJMra1807873



Planetary Health

Planetary Health Informatics Lab | sara.khalid@ndorms.ox.ac.uk    
Centre for Statistics in Medicine | University of Oxford | @CSM_Oxford | @PHI_Oxford 

“ T his is the first time a global 
generation of children will grow 
up in a world made far more 
dangerous and uncertain as a 
result of a changing climate and 
degraded environment.”      
UNICEF 

Cramer et al. Detection and attribution of observed impacts. 
Climate Change 2014, IPCC 5th AR
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The Role of Analytics
Providing Real time, real-world data
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Ravi et al. IEEE Biomed & Health Informatics (2017)
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The Role of Analytics
Providing Real time, real-world data

Improving knowledge on climate and 
health
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Use of Machine Learning Methods 

Ravi et al. IEEE Biomed & Health Informatics 2017
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The Role of Analytics
Providing real-world data

Improving knowledge on climate and 
health
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Adaptation of health systems

Climate impact on 8 health sectors and potential 
for mitigation through adaptation.

Smith et al. Human health: impacts, adaptation, and co-benefits. 
Climate Change IPCC 5th AR 2014
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Early Warning Systems
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- Traditionally based on local knowledge
- Intelligent EWS based on

• Expert Knowledge
• Real-time big data
• Advanced analytics

Heat risk index Philadelphia, USA.

Adversarial network image analysis models for flood prediction

Personalised early 
warning system for 
those most 
vulnerable to high 
levels of pollution 

Credit: londonair.org.uk
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Predicting Disease Outbreaks
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Schmidt et al. ICLAR 2019. arXiv:1905.03709

Satellite data from 
Landsat series 
combined with 
ground data on 
precipitation, 
temperature, soil 
moisture, vegetation

Computational models 
tracking human and 
environmental events

Predicting malaria 
outbreaks in Peru at 

household level

Credit: NASA's Goddard Space 
Flight Center/Joy Ng

Khalid et al. NeurIPS 2023
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AI and Biodiversity

- Remote monitoring of 
endangered species using 

underwater cameras, e-DNA, and AI
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AI and Advanced Analytics
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-Future cities
• Urban thermal comfort
• Land use optimisation
• Increased vegetation cover

- Transport modelling
• Reduced carbon footprint
• Physical activity optimization

“Climate Change and AI Recommendations for Government Action”
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AI and Advanced Analytics
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-Future cities
• Urban thermal comfort
• Land use optimisation
• Increased vegetation cover

- Transport modelling
• Reduced carbon footprint
• Physical activity optimization

-Carbon footprint of AI
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Real-world Data in Healthcare

Ravi et al. IEEE Biomed & Health Informatics (2017)
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• Fair, safe, and 
ethical use

• Good 
governance and 
ownership

• Multi-modality 
linkages

• Harmonisation
• Privacy 

preservation 

• Reliable and 
representative?
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Real-world Data, AI & Health Equity
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Data 
Bias

Algorithm 
Bias

Incorrect 
Health 
Assessment

Khalid et al. Nature Sci Data (2024)
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Real-World Data, AI & Health Equity 

60 Million 
de-identified patient records

Do diverse ethnic 
groups have access 

to healthcare?

The Planetary Health Informatics Lab | NDORMS | @PHI_Oxford | sara.khalid@ndorms.ox.ac.uk 
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Federated Distributed Networks and 
Common Data Models

Open Science 
Tools

• Patient-level data not shared
• Aggregated results shared
• Multi-site network studies
• Data harmonisation is key

Source: ohdsi.org



OMOP International Data Network

>8m EHR
Pakistan
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>2m EHR
Brazil

            +

• 100+ data sources

• 500 million patients

• >5 billion records (OMOP)
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Intersectional Determinants of Health and 
Complex Exposome Linkages
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Infrastructure for Large-scale Planetary Health 
Analytics
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HEAP Europe An AI-
powered platform for 
research on climate 
impact on health

Deep Cube Using AI to analyse Copernicus 
satellite data and predict climate impacts

Common data models and 
standardised analytics

ESA CCI ECV Datasets
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Handle with Care
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Remote Patient Monitoring, 
Disaster/Conflict/Future Shocks Monitoring

Santos et al. Front. Digit. Health
https://doi.org/10.3389/fdgth.2021.630273

https://doi.org/10.3389/fdgth.2021.630273


In LMICs alone, the use of CMF for infants aged 
< 6 months results in annual footprints of:

• 1 million Olympic swimming pools
• 10% of the volume of Poyang Lake, China 
• 1.3 times Sirindhorn Dam reservoir, Thailand
• 2 years of water use in New York, USA
• 13 years of water use in Paris, France

• 2 million cars on roads per year, requiring
• 318 million trees to absorb CO2

6.0-7.5 billion kg CO2 eq., which equates to:

2.6 trillion liters of water, which equates to:

The Green Feeding Tool shows that
Massive Environmental Impact of 
Commercial Milk Formula (CMF)



Mosquito borne disease prediction

Noboru Minakawa

Institute of Tropical Medicine, Nagasaki University





Eritrea 
Ethiopia 
Cameroon 
Kenya 
Uganda 
Rwanda 
Burundi 
Tanzania 
Zambia 
Zimbabwe 
South Africa 
Madagascar

Highland malaria
Malaria epidemics occurred

in the highland areas above 1500m in 90’s
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Climate variation
(Nandi, Kenya)
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2 0 0 6年に東アフリ カで発生した、 乾燥地域における季節外れの多雨は、

洪水を引き起こし 、 感染症（ リ フト バレー熱） の流行につながった。



(1) We can predict a malaria outbreak after heavy rain. But 
not enough time to prepare for it.

0.5-1 month is not enough to prepare

Outbreak

enough time to stock drugs and allocate medical 
personals etc.3~4 months

(2) If we can predict heavy rain in a few months before, we will 
have enough time to prepare for it Suppression

Prediction provides enough time to prepare for disasters



South Africa

Limpopo Focus areas
Vhembe District

Mopani District



La Nina La NinaLa Nina

Malaria cases in South Africa

Sub-tropical 
Indian Ocean Dipole

La Nina

Teleconnection



Prediction 
Model

Outbreak

3 ~ 4 months: enough to allocate resources

0.5-1 month: not enough to prepare

Suppression

Past malaria 
Past climate

Future malaria

Future 
climate

Earth Simulator (Super computer)

Importance of prediction



Successfully predicted the 2017~18 season outbreak in the dry season

Prediction

Using machine learning and statistical models.

Malaria cases in Limpopo (South Africa) since 1998

Climate-based modes (statistical and ML)
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Scenario: Climate-Driven Disease Outbreak in Urban Slums

Photo credit: Shirley Amimo for FHI 360

• A densely populated coastal city has been 

experiencing record-breaking rainfall and rising 

sea levels due to climate change. 

• Widespread flooding in urban slums, causing 

stagnant water to collect in poorly drained 

areas. 

• Cases of cholera, dengue fever, and 

leptospirosis have surged - overwhelming the 

local healthcare system. 

• Compounding the problem, power outages have 

disrupted communication networks - difficult to 

coordinate relief efforts.

1. What AI-driven health technologies can enable early disease detection, 

remote diagnosis, and treatment in flood-affected, inaccessible areas?

2. How can AI-powered surveillance systems track and predict disease 

outbreaks in real time?

3. How do we ensure that AI-driven health interventions reach marginalized 

and high-risk communities, especially in low-connectivity and resource-

poor settings?

4. How can governments integrate AI into climate adaptation and health 

resilience strategies to proactively manage climate-driven disease risks?

5. With power outages and damaged infrastructure, how can AI and digital 

health tools function effectively?

6. What alternative energy solutions and climate-resilient digital health 

infrastructures should be prioritized?
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