i

R 35

Climate Change Al

(CENTRE for STATISTICS in VIEDICINE

UNIVERSITY OF

OXFORD
Artificial Intelligence for Planetary

Health

Challenges, Opportunities, and Human Choice

The Climate Change AI Summer School 2026: Climate & Health Series

Sara Khalid BE MSc DPhil Oxon

Associate Professor | Centre for Statistics in Medicine

Head | Planetary Health Informatics Lab Planetary
University of Oxford Health .
sara.khalid@ndorms.ox.ac.uk /P H “ Informatics

www.csm.ox.ac.uk | @PHI_Oxford
www.ndorms.ox.ac.uk/planetary-health-informatics



mailto:sara.khalid@ndorms.ox.ac.uk
http://www.csm.ox.ac.uk/
https://twitter.com/PHI_Oxford
http://www.ndorms.ox.ac.uk/planetary-health-informatics

u UNIVERSITY OF
Outline T

1. Climate Change and Planetary Health
2. The Role of Health Informatics
3. Challenges and Opportunities in Planetary Health Analytics

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



mailto:sara.khalid@ndorms.ox.ac.uk

UNIVERSI

OXFORD

Climate Change & Planetary Health

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



mailto:sara.khalid@ndorms.ox.ac.uk

UNIVERSITY

OXFORD

A Rapidly Warming World

RCP2.6 RCP8.5
(a) Change in average surface temperature (1986-2005 to 2081-2100)
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A Rapidly Warming World

RCP2.6 RCP8.5
(a) Change in average surface temperature (1986-2005 to 2081-2100)
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“Climate change is the biggest global health threat of the
21s century” Lancet Commission 2009

“Climate change threatens the very foundations of human
Planetary Health Informatichﬁ?o%lqbar@ﬂgd&@”rpsglgcgg Lancet Countdown REDOI’t 2020
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GLOBAL CLIMATE CHANGE
Vital Signs of the Planet

CARBON DIOXIDE GLOBAL TEMPERATURE ARCTIC ICE MINIMUM ICE SHEETS SEA LEVEL

4 1 6 parts per million 2 1 °F since 1880 1 3 1 percent per decade 4 29 billion meitric tons per 3 3 millimeters per year
- - year -
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Change, Variability, Weather

Are extremes becoming more frequent?
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350+ peer-reviewed studies on 450 extreme weather

events attributed to climate change
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Change, Variability, Weather

Are extremes becoming more frequent?
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Biodiversity LoSS

me. Earthhaslost half of its wildlife in the
Guardian - st 40 years, says WWF

- ILDLIFE POPULATIONS

60 /ﬂ SINCE 1 970 WWF's "Living Planet Index’ categorises the causes of wildlife declines based on

analysis of 3,430 species’ populations

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Acceleration and Tipping Point

Socio-economic Trends 1750-2010 Glopal Warming Relative to 1850 -1900

Observed monthly global
mean surface temperature

Estimated anthropogenic

to date and

Likely range of modeled responses to stylized pathways
Global COz e net zero in 2055 while net
non-C0: radiative forcing is reduced after 2030 (greyinb, c&d) —

Faster COz reductions (bluein b &c) result in a higher
probability of limiting warming to 1.5°C

» [INo reduction of net non-C0: radiative forcing (purple in d)
results in a lower probability of limiting warmingto 15°C ~ —

- ) ) ( 2 ‘ 6 2 10( °
GLOBAL
1G B PE=c
E i1 NTERGOVER

m Inter national Tourism: 0->939.8/Imiithk o WeriVals CHANG

OVERNMENTAL PANEL ON
climate change

m Telecommunications: 0->6.48 billion landlines & subscriptions

COz emissions
M Transportation: 0->1281.35 mega vechicles ' decline from 2020
M Paper Production: 0->398.77 megatons 2 to reach net zero in
W Water Use: 0->3.87 1000km 3 ’ 2055 or 2040
M Large Dams: 0.06->31.63 >15 meter height
Fertilizer consumption: 171.46 megatons
M Primary engergy use: 16->533.37 exajoule
m Urban Population: 0.05->3.5 billions
Foreign Direct Investment: 0->1.3 trillion (2013 USD)

M Real GDP: 0.35->50.15 trillion (2005 USD)

Planetary Health Informatic = World Population: 0.73->6.9 billions
Centre for Statistics in Medicine | university ot UxTora | @U>SIvi_uxrord | @PHI_OUxrord 11
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Links with Health
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Iy o r
¥y Organization environment globally, 2016

« "85 0of 102 investigated diseases are related to

the environment.”
— WHO Preventing Disease Through Healthy Environment 2006

Deaths (millions) DALYs (millions)

» Yideaths worldwide linked to environment
— WHO Preventing Disease Through Healthy Environment 2012 .

lobal Health Commission

Support S Lancet and University college

FRCPCH =3 MustafaAbb
1lo,

DENT NDY/LIFE (DYBES' - - .
S AN \,“\:p“\\)\u.\\ s CULTURE PREMIUM prof Anthony tal. Show allau
IND! — sooTBALL YOI = gichard Bellamy, PhD eta 615014&6736(09)60935»1
wews  INDEPEN t 59+ DO h“ps.‘//doi.orgllo‘wl
eas blished: May 16,20
Climate > News S‘S to b‘ me tor a’ts‘i“ce publis!
. i
Chmz(\)te %{ heatwave deaths
1,50 jmates
: stima o1 UK hest
2000, study eSUMErrr
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iceberg. It's been a wild week in weather and
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Health Impact
« Direct
 Indirect

« Long-term

Haines et al. Engl J Med 2019
DOI:

10.1056/NEJMra1807873

Increasing Levels of Carbon Dioxide
and Short-Lived Climate Pollutants

Ui

Rising Temperature Rising Sea Levels

Increasing Extreme
Weather Events

Demographic, Socioeconomic, Environmental, and Other

Factors That Influence the Magnitude and Pattern of Risks
Geography
Ecosystem change

Warning systems

Socioeconomic status

Baseline air and water quality Health and nutritional status

Agricultural and livestock practices
and policies

Access to effective health care

&

EXPOSURE PATHWAYS

Extreme Heat Air

Water Quality
Weather Events Stress Quality

Food Supply
and Quantity

and Safety

Vector Distribution Social
and Ecology Factors
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Health Impact
« Direct
 Indirect

« Long-term
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Increasing Levels of Carbon Dioxide
and Short-Lived Climate Pollutants

Ui

Rising Temperature

— ﬂ?

Rising Sea Levels

Increasing Extreme
Weather Events

/
Demographic, Socioeconomic, Environmental, and Other
Factors That Influence the Magnitude and Pattern of Risks
Geography Warning systems
Ecosystem change Socioeconomic status
Baseline air and water quality Health and nutritional status
Agricultural and livestock practices Access to effective health care
and policies
J1
N
EXPOSURE PATHWAYS
Extreme Heat Air Water Quality Food Supply Vector Distribution
Weather Events Stress Quality and Quantity and Safety and Ecology
EXAMPLES OF HEALTH OUTCOMES
>2 8 . >
- ‘

- Exacerbations
of asthma and
other respiratory
diseases

- Respiratory
allergies

- Cardiovascular
disease

Heat-related illness
and death

= Injuries

- Fatalities

- Mental health
effects

« Undernutrition

- Salmonella food
poisoning and other
foodborne diseases

- Mycotoxin effects

-« Campylobacter
infection

« Cholera

- Cryptosporidiosis

- Harmful algal
blooms

- Leptospirosis

. .
« Chikungunya
- Dengue
« Encephalitis
(various forms)
- Hantavirus infection
- Lyme disease
- Malaria
- Rift Valley fever
« West Nile virus
infection
e Zika virus infection

Social
Factors

Physical and
mental health
effects of violent
conflict and
forced migration
(complex and
context-specific
risks)
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Heat and Health

Direct Mechanisms of Heat-Associated lliness

— Heat stroke

Heat
— Cramps // ‘
. / b
— Exhaustion Acuv.uonofhmam:_ﬂdj//‘ be;.‘m E
— Hyper/hypo-thermia rokin 1 %@
. ., bloodflow '““.M ¥ Insufficient | - ?
« Chronic Conditions —_— /-:'\i'-'m"mﬂ s | excretion
i i c Decre Salt and a of
— Cardiovascular disease e [ ks ot r electrolytes
_ Di t
Dlab(?tes | l rr— [ Dehydration | — ot
— Respiratory disease [Hyponatremia | —» it
— Cerebrovascular disease Sndtbution | << /" e
« Hospitalisations [Sieuistory shock] —— | sypennermia | — (S

— Cardiovascular
— renal
— respiratory disorders

Szekely M et al. PMID: 27227063
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Heat and Health

 Who is most vulnerable?

Kenny et al. CMAJ. 2010 Jul 13; 182(10): 1053-1060.
doi: 10.1503/cmaj.081050
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Heat and Health

Who is most vulnerable?

Multi-morbidity, poly-pharmacy
Older adults

Young children

Pregnancy, menopause in women
Outdoor, unventilated occupations

Social determinants and Disparities

Socioeconomic status
Lifestyle factors
Ethnicity/Genetics

Characteristic

OR or RR (95% Cl)

Decreased risk Increased risk

UNIVE

OXFORD

< >
Respiratory diseases :
Hoffmann et al.'® RR 1.61* *
Schwarz et al." OR 1.13 (1.00-1.26) re
Lorente et al.’s OR 1.6 (1.0-2.5) (VS
Bretin et al."” OR 1.48 (0.96-2.26) i
Semenza et al.? RR 1.13 (0.99-1.26) i+
Semenza et al.? OR 2.2 (1.0-4.9) -
Cardiovascular disease
Hoffmann et al.'s RR 1.30* P
Lorente et al.'s OR 1.1 (0.8-1.6)1 e
Bretin et al."” OR 3.19 (2.08-4.90) Po—e—
Naughton et al.’ OR 7.17 (2.5-20.8)% B
Semenza et al.? RR 1.23 (1.18-1.28) .
Semenza et al.? OR 2.3 (1.5-3.6) i
Diabetes
Type 2 :

Semenza et al.? RR 1.33 (1.21-1.45) L+
Type 1

Semenza et al.? RR 1.22 (1.08-1.36) +
Type not specified

Schwarz et al."” OR 1.17 (1.04-1.32) e

Lorente et al,’s OR 1.3 (0.8-2.3)t e
Hypertension
Lorente et al.'s OR 1.2 (0.8-1.7)t —
Semenza et al.? RR 1.24 (1.19-1.29) s
Obesity
Lorente et al.'s OR 1.2 (0.7-2.2)t .
Age, yr
>75

Fouillet et al.2 RR 1.7 (1.6-1.8) N
35-74 '

Fouillet et al.2 RR 1.3 (1.3-1.9) ‘e
<35

Fouillet et al.2 RR 1.1 (1.0-1.2) +

Kenny et al. CMAJ. 2010 Jul 13; 182(10): 1053-1060.

doi: 10.1503/cmaj.081050

l4l|1li T TTT
1

0.1 10

RR or OR (95% CI)

T 1T T

100
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Heat and Health

Most Vulnerable

Multi-morbidity, poly-pharmacy
Older adults

Young children

Pregnancy, menopause in women
Outdoor, unventilated occupations

Social determinants

Socioeconomic status
Lifestyle factors
Ethnicity/Genetics

N
Annual number of deaths
attributable to heat

B 10001-100 000

= 1001-10000

O 101-1000

[1-100

[ Mo data

Figure 3: Annual heat-related mortality in the population older than 65 years averaged from 2014 to 2018

“Over 50% increase in heat-related mortality
in people older than 65 years, resulting in a
total of 296 000 deaths in 2018.”

Kenny et al. CMAJ. 2010 Jul 13; 182(10): 1053-1060.

doi: 10.1503/cmaj.081050
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Air Pollution and Mortality
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Household air pollution

deaths every year as a result of exposure to indoor
smoke from cooking fuels

4.2 million

deaths every year as a result of exposure to fine
particulate matter
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Air Pollution and Mortality

Historical PM, - concentrations (top)
and COVID-19 deaths (bottom) in
the US.

Planetary Health InTormmgagrgH&&mmumm@M
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’.bgiﬁ World Health
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&
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¥ Organization

Household air pollution

3.8 million

deaths every year as a result of exposure to indoor
smoke from cooking fuels

4.2 million

deaths every year as a result of exposure to fine
particulate matter

www.who.int/data
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Air Pollution and Mortality

Historical PM, - concentrations (top)
and COVID-19 deaths (bottom) in
the US.

COVID-19 deaths per 1 million

Planetary Health InTorr’Qawgsepgplge,é

’00
|
7000‘

54°N =

Latitude

W 4w 2w 00 2%
Longitude
Association between exposure to air
pollutants and the number of lab-
confirmed COVID-19 cases in the
UKBiobank.

c.uk
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Household air pollution

3.8 million

deaths every year as a result of exposure to indoor
smoke from cooking fuels

4.2 million

deaths every year as a result of exposure to fine
particulate matter

www.who.int/data
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Air Pollution and Mortality

Historical PM, - concentrations (top)

and COVID-19 deaths (bottom) in o
the US.
o 5N
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N ow
e 50°N
W 4w 2w 00 2°F
— — Longitude
PMps © ” ® 2 <

Association between exposure to air
pollutants and the number of lab-
confirmed COVID-19 cases in the
UKBiobank.
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Household air pollution

3.8 million

deaths every year as a result of exposure to indoor
smoke from cooking fuels

4.2 million

deaths every year as a result of exposure to fine
particulate matter

www.who.int/data

BAME population (%) V.
Air pollution levels
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Average NO concentration over 10 years

ONS UK v | 22
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Effects of environment on mental health

...and More

sITY OF
OXFORD

Effects of air pollution on musculosketal health

Outcome type Qutcome
Attention Attention (4 studies) B —
Pleasurable moods Enengy (5 studies) ——
Tranquillity (7 studies)* 4+—a—
Displeasurable moods A nxiety (6 studies)” —
Anger (7 studies) —B—
Fatigue (4 studies) —a—
Sad or depressed (4 studies) ——a———

Physiclogical outcomes  Systolic BP (& studies)
Diastolic BP (5 studies)
Pulse (5 studies)

Cortisol (4 studies)

EI Hip
157 | @ Bothsexes
. ® Men
Effect of weather on pain
=
£ 05 I T +
- I S S 3 S M
The Journal of the intemational Association for the Study of Pan ‘?;’ %+ ‘ L l & l N ¥
: —— = L
Articles & Issues v Collections v Videos For Authors ¥ Journal Info v 2 -0.5 ‘
o
8 i
1.04
NARRATIVE REVIEW
= Are weather conditions associated with =g 3 3 %
it chronic musculoskeletal pain? Review of Model
= results and methodologies
Images Beukenhorst, Anna L*"; Schultz, David M.><; McBeth, John®<; Sergeant, Jamie C.*¢; Dixon, William G.*4

Study results by weather variable, ordered by number of studies that investigated the weather variable.

Figure 18: Psychological and emotional outcomes from exposure to natural
versus synthetic environments

Bowler, D et al. BMC Public Health,2010.
https://doi.org/10.1186/1471-2458-10-456

Weather variable No. of studies investigating this No. of studies finding no association with  No. of studies finding an association with
variable pain (%) pain (%)
Temperature 4 21 (51) 20 (49)
I | | :
—05 0 0.5 Atmospheric pressure 41 20 (49) 21 (51)
i Humidity
Pooled effect size (Hedges g) Relative humidity 35 16 (46) 19 (54)
Vapor pressure 6 3 (50) 3 (50)
Dew-point & 2 (67) 1(33)
temperature
Precipitation 30 8 (27) 22 (73)
Wind speed 20 9 (45) 11 (65)
Sunshine 16 5(31) 11 (69)
Cloud cover 7 3(43) 4 (57)
Wind direction 3 0(0) 3 (100)
Wind gust 2 1 (50) 1 (50)
Leuven weather index 2 1 (50) 1 (50)

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.ulRAIN 161(4):668-683, April 2020.
Centre for Statistics in Medicine | University of Oxford | @CSM_Oxford | @PHI_Oxford

Lumbar spine

154

i
T

-1.04

Bone Mineral Content, g

-15

Ranzani, O et al. JAMA Open 2020. doi:
10.1001/jamanetworkopen.2019.18504
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A Planet-wide Problem

SMALL ISLANDS

“This is the first time a global
i l 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.”

%

w2

&

L LU | | DO | | B

k3
-z
=3

A ¥3
ition to Observed impacts attributed to climate change for
= H Physical systems Biological systems Human and managed systems
o s S| s Y L ———
very F s kes, flos A W - “,‘- eaith,
Deaths / 100,000 Pop. @ - S G K .
1100 - 150 / R G aior st tecs B ' Regionalscae
| 150 - 200 B Outlined symbols / bars = Minor contribution of climate change i
[ 200 - 350 Filled symbols / bars = Major contribution of climate change
I 350 - 500
No data

Priiss-Ustiin et al. WHO Preventing
Disease Report 2006

Cramer et al. Detection and attribution of observed impacts.

Planetary HealtliATpkdeiee G0k h PS5 8 kARIId @ ndorms.ox.ac.uk
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Climate Data Science

Earth System Data Different Al techniques Examples

« Earth systems modelling
— e.g. classification of land cover

 Future climate scenarios
« Weather forecasting

« Extreme event prediction
— e.g. flood prediction
« Climate impacts
— e.g. on agriculture, health, economics

« Data curation and data quality

Sen |
town |

- » Gaussian Processes
(Obscured)
r Dats _."
‘ E[ﬁg%? ’ ol
' AR r— ‘ Perburbation ' t i
4 ¥ Noe-linear | -3 1
. |[ESM1 | xmglt) |
N \ Wodw =) N ‘
Iz I7 @ {Feddan] % '
2 v J Nonlinear,
0 ST T e [ et § e S S e e L - ot b .
e gpe— g ference
R | e ey o
1850 free)
| |Esm2
) ‘ —_
Pj’ 7 npt 2 Ouput
———ESM 3,ESM4,... fayor Middon tayer layor
: - Deep Leaming Approaches

— e.g. point-, grid-, satellite-based precipitation,
temperature, vegetation, built environment data
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ML and Al-based understanding
enhances next generation ESMs

Huntingford C et al 2019 Environ. Res. Lett. 14 124007
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Health Data Science

* Providing real-time,
real-world data

Ravi et al., IEEE Biomed &
Health Informatics 2017
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Health Data Science

* Providing real-time,  meue

Digital Health

e - )
r a I WO r I d d at a EDITORIAL | VOLUME 3, ISSUE 2, E67, FEBRUARY 01,2021 L

PDF[171KB] H

Technology: the nexus of climate change and COVID-19?

* Improving e
knowledge on

I = Medical

climate and health = us o Mactine Leaming

soo 1 Methods Cha

= Bioinformatics

1200

600 -

# of publications

400 - ® Imaging

200 -
¥ Public Health

2010 2011 2012 2013 2014 2015
Ravi et al. IEEE Biomed & Health Informatics 2017
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Health Data Science

Present

* Providing real-time,
real-world data

* Improving
knowledge on e g
climate and health

« Adaptation of health
systems to changing
Climate impact on 8 health sectors and

Cl [ mate potential for mitigation through adaptation.

Smith et al. Human health: impacts, adaptation, and co-benefits.
Climate Change IPCC 5t AR 2014

2030-2040
“Era of committed climate change”

+1.5°C

high adaptation

Air quality i
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Early Warning Systems

e Traditionally based on local knowledge

e Intelligent EWS based on Evaluation c)ii;hser?;c;]r;ehz:ﬂl;c,hcv;l]?rzging systems

- E X p e rt k n OW | e d ge ? S:V r:s i Meleorélogical t.z i a *A_ﬂi IE ”i'— = l: THRESHOLD

HEALTH
= RISKS
CASE STUDY

- Real-time blg data il iy OF SHANGHAI

+ Grade of the heatwave- == —==
/ ) Syst.

Chinese national standard by it s e f¥"’ '2:1

for heatwave indexes LR

. + U.S. NOAA-Heat Index i Y //l“;i—/"\
Advanced analytics | 4 EEA = 2

* Heat-related illness data
« Demographic data

Yaqiao et al. Science of The Total Env.
https://doi.org/10.1016/j.scitotenv.2020.136883

5
g
3
H

Heat risk |ndex Philadelphia, USA

Heat risk map. European Environment Agency

Home v~ Heat wave risk of European cities Openiin

B{ of
R
3

7
2 o
i

F)

[l Detsils | BfBasemap |

viwiw
[ 8

4|

rYvr;

<]
O] 2] +)

s
@ =39
© 3039
© 2029
@ <20

[ PR
[ ELEETICRonTs

[ Population density 2004

Planetary Health Inf g Pepuaco 6
Centre for Statistics in Medicine | University ef,Qxtord, |, @GSM.Oxtord |, @PHI_Oxtord 30

y O


mailto:sara.khalid@ndorms.ox.ac.uk

Flood Prediction Models

90 . Adverserial network image analysis models for flood prediction

Schmidt et al. ICLAR 2019. arXiv:1905.03709

“Mm

o

Google Flood Forecasting Initiative in use in India and
Bangladesh
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Water 2018, 10(11), 1536; .
Planetary Health Informatics Greup J/sasaddaligi@mrdeorms.ox.ac.uk

FLOOD ALERT | a1 ! stareeit B
w4 & forg i arg ) . s $a =

Posted 1 hour ago

Credits: Alerts for flood forecasting, Google
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Predicting Disease Outbreaks

PREDICTING MALARIA OUTBREAKS USING EARTH OBSERVATION
MEASUREMENTS AND SPATIO-TEMPORAL DEEP LEARNING MODELLING:
A SOUTH ASIA CASE STUDY FROM 2000 10 2017

Usman Nazir', Muhammad Talha Quddoos’, Momin Uppal’, Sara Khalid?

TLahore University of Management Sciences, 2Centre for Statistics in Medicine, University of Oxford

8 sara.khalid@ndorms.ox.ac.uk

Satellite data from § “SHeEIE NA‘SA'suC.%oddard Space
Landsat series R Flight Center/Joy Ng gggs ceecem resy
combined with Computational models
ground data on tracking human and
precipitation, environmental events

temperature, soill
moisture, vegetation
Predicting malaria

outbreaks in Peru at

household level
Schmidt et al. ICLAR 2019. arXiv:19(
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UNIVERS

Bulletins  Site Details  Statistics

Pollution Episodes

Episode Mod PM10 PM2.5 mid April 2021
" ndih i - Witham )
+ Map  Satellite  Greyscale 1 S SIS
Chelmsford  Maldon Pollutant(s) PM10, PM2.5
- [A4010]
Dates 20/04/2021 to 21/04/2021

Chiltern
Hills AONB

This map shows the peak readings recorded across the
region during the episode you have selected. Note that you
hend-on-Sea can see each daily bulletin using the archive on the bulletin
tab, and can also see animations and text explanations (if
available) by selecting a different map view.

Sheerness
Isle of -
Rochester Sheppey Chap
Sittingbourne pe v
Favers ‘
, Farnborough 7 Maidstone
iingstoke rea
> Aldershot ~~ s . Aitotandi A

The London Air Quality Network monitors
and predicts level of ozone, nitrogen oxide,

PM2 5 and PM10 Personalised early

warning system for
those most
vulnerable to high
levels of pollution

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk Credit: londonair.org.uk
Centre for Statistics in Medicine | University of Oxford | @CSM_Oxford | @PHI_Oxford 33


mailto:sara.khalid@ndorms.ox.ac.uk

UNIVERSI

OXFORD

Al and Biodiversity
s S

IMAGE
BROWSE... l
C. plumbeus
95%
Detection threshold: *—(
other
0 0.68 1 n=6 C. limbatus
C——— )
0 0.1 02 03 04 05 06 07 08 09 1
Select Video
P. gl
20220924_KeawanuiBay_S3_GX110006.mp# gla"“ Cckrecs
f8 PROCESS = DETECT VIDEO W®ePLAY VIDEO
& RESET C. galapagensis C. amblyrhynchos
Shark Prediction
—e— Kawaihei Harbor 2 Keawanui Bay —®— Manele Bay —e— Whale Amphitheatre
Carcharhinus limbatus 94.15%
Carcharhinus plumbeus 413 %
Carcharhinus amblyrhynchos 0.47 %
Galeocerdo cuvier 0.44 %
Carcharodon carcharias 0.39 %
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Remote Monitoring of Patients In
Disaster/Conflict Zones

Heart Rate ==
— E——

Breathing Rate |

S0, (%)

Blood Pressure | ——»

0 50
e 365r_|—|_| ]_I
) L L

— 1500 2100 0000 0300 0600 0900 1200 1500 1800
@
= 03r

Oxygen Saturation| = 15020 _
gE ,,,,,, =
: HR (bpm) |E;00 21:00 00:00 03:00 06:00 0900 1200 5:00 18:00
Temperature Data fusion with machine learning Deterioration
Warning

Khalid et al. IEEE Trans Biomed Eng 2012

Home monitoring kit for DOI: 10.1109/TITB.2012.2212202

remote management of
Covid-19 infection

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

* Diagnostics
* Clinical Risk Prediction

e Vaccine

Strategy

* Deep Phenotyping

' Ll
Digital

Coronavirus

Tool

NHS Digital > Coronavirus > Coronavirus (COVID-19) risk assessment >

Coronavirus (COVID-19) clinical risk assessment tool

COVID-19 Clinical Risk Assessment

. This online tool is powered by QCovid® and helps clinicians better understand
how at-risk a person may be of catching coronavirus and being admitted to
hospital or catching coronavirus and dying.

Services Data Cyber Developer News About

1;\“I|>IU) NEWS &
EVENTS

secoo Al test rules out a COVID-19
diagnosis within one hour in
Emergency Departments

11 December 2020

f you are a member of

= s |

Understanding the Global Impact of

Interactive World COVID-19 Tracker

© woriziep | Cases: #7DayAverage O Total 8 Per 100,004

/accine, go 10 the NHS webst

COVID-19
through Data Science

[26/05/2021 United Kingdom: 2,541 Cases (7 Day Average)

Planetary Health Informatics Grot
Centre for Statistics in Medicine |

Article | Open Access ‘ Published: 06 October 2020

Deep phenotyping of 34,128 adult patients
hospitalised with COVID-19 in an international
network study

Edward Burn, Seng Chan You, [...]Patrick Ryan

Nature Communications 11, Article number: 5009 (2020) ‘ Cite this article

adult carers

information and advice about coronas

1D-19), including information about the COVID-1

e. You can also find guidance and support on the GOV.UK website

Next steps on the vaccination programme -
vaccinating Cohort 6: Individuals added to
the shielded patient list via QCovid® and

HI_Oxford

36
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Computational Models

® F uture cities Building a 3D blueprint of urban hot spots using earth
observation data and deep learning
— Urban thermal comfort DT B o

— Land use optimisation
— Increased vegetation cover

Urban Growth Happens Mostly in Developing Areas

. S
¥ LA TR A AR e
A I U

TR ;

;'-1’. b ?'.

e Transport modelling

ety
« iy

— More physical activity

— Less carbon footprint

e Al for renewable
energy

e Carbon footprint of Al
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Real-world Applications

Bioinformatics | :
)y :
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Planetary Health Analytics Framework E=s

Electronic Health Records

[Demographics [Clinical [Lab [ Drugs ]
Raw Patient-level Data

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Planetary Health Analytics Framework E=s

Electronic Health Records

[Demographics [Clinical [Lab [ Drugs ]
Raw Patient-level Data

Lo
I Phenotyping . /’ L Health OutcomeSJ

Features —>

|
Resource Utilisationj

Patients Cluster
Classify

II Discovery Predict

—

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Planetary Health Analytics Framework

@ &

Electronic Health Records r Environment Data

[Demographics [Clinical [Lab [ Drugs ]
Raw Patient-level Data

UNIVERSITY OF
OXETORD

Air Pollution {La”d HEE L }

[ g 1
' Vegetation }

I Phenotyping Health Outcomesj

Features —>

Cluster
Classify
II Discovery Predict

1= =1
I -
—

|
Resource Utilisationj

Patients l

—

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Planetary Health Analytics Framework [

_\6/_ |

‘ L)

Electronic Health Records r Environment Data

W [Land Use Mix }

Pollution

]
Temperature ( Vegetation }

[ Demographics [ Clinical [ Lab [ Drug
Raw Patient-level Data

|
Health Outcomesj

I Phenotyping

\

Features —>

|
Resource Utilisationj

Patients Cluster
Classify

II Discovery Predict

—
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Planetary Health Analytics Framework B

N 6/
'

Electronic Health Records r Environment Data

[Demographics [Clinical [Lab [ Drugs WAW Pollution[ Temperature[ Built Land Use[Vegetation ]
Geo-spatially Linked Patient-level Data

I Phenotyping

|
= /{ Health Outcomesj

|
Resource Utilisationj

Features —>

Patients Cluster
l Classify

II Discovery Predict
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Heat Definition, Coding, and Capture

Effect of heat wave on mortality in 18 countries with 12 different definitions of heat wave

90P_2day
2.5~
- 90P_3day
90P_4day
o 92.5P_2day
% 2.0-
2 92.5P_3day
2 - 92.5P_4day
_g N 95P_2day
I - TP | *- 95P_3day
B 95P_4day
fﬁ ++ h++ t ‘\ s ! -5 97.5P_2da
‘ | P .5P_2day
; b . yip’ 7 g ; hl's+ ~ hh @ , & ) 0
1.0- AN my* 'Mx ot P JP-H*"IJ]\ ;ﬂﬂg-’bL b++ PRI N A vy 2 EOA ;N.VFH\ :&“ et DD gy @D m-"-‘m“ Ay @A k&u 97.5P_3day
' ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' -4+ 97.5P_4day
Australia Brazil Canada China Colombia Iran Ireland Italy Japan Korea Moldova  Philippines Spain Taiwan Thailand UK USA Vietnam
. Country
. ¢ = "
Y. Guo et al. Env Health Perspectives 125:8 Even a small change in the heatwave definition had an
CID: 087006 https://doi.org/10.1289/EHP1026 . . . Fis
appreciable effect on the estimated health impact’ in
Brisbane, Australia - Case Cross Over Design
HWD Definition
Mortality OR with 95% CI
1 The dally maxdmum temperature =35°C (about top 1%) for 3 or more
consecutive days HWD1 087 0.68, 1.10
2 The daily maximum temperature of more than S consecutive days exceeds the
average maximum temperature by 5°C, the normal period being 19611990 HWD2 0.99 083, 1.18
3 The heat index (maximum temperature + relative humidity) Is expected to reach
40.6°C with a minimum temperature not below 26.7°C as a period of at least 48 h HWD3 1.73 1.32,2.28
4 :xymm::yrum‘-:‘:l:;:‘;:f;;‘::w to or greater than 35°C HWD 1.26 1.10, 1.43
S5 The dally maximum temperature would be equal to or greater than 37
(ﬂlm\‘l“lq) 05%) hu‘m I:-,:lluuu-unwe:da.n : gt > HWD5 153 1.27,1.84
6 The top 2.5% (=33.59°C) of daily for a ¢ HWD6 1.16 1.06, 1.27
2 days period
7 The top 2.5% (=33.59°C) of dally maximum temperatures for a continuous HWD 7 1.21 1.08, 1.35
3 days period
8 The top 5% (=32.65°C) of daily » forac HWDS8 110 1.03,1.18
3 days period
9 The top 5% (=32.65°C) of dally madmum tempermtures for a continuous HWD9 1.14 105' 1.24
s HWD10 124 113,136
Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk N T A S AN SRt i o
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Real-world Data, Al & Health Equity

Incorrect
DEYE: Health
NES Assessment

Algorithm
Bias
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Real-World Data, Al & Health Equity

60 Million

de-identified patient records

What Ethnicity
Data is available?

More Detall

— 6 Research Codes —

kil

19 NHS Codes

L LR

Rk

— 489 SNOMED Codes —

1 1 i b
thtb AL AR AR L AR AR AR A
ittt AR AN R A HRARH
LI PCEs L (IEEe L H n H lr i
thiti kL AR thtb AR AR
igﬂﬁﬁiﬁiﬁiﬂﬂ iﬂiﬂiﬁiﬂﬂﬁ{ -iﬂig

: L

thit kL AR i thitiiA
iﬂiﬂﬂiiﬂiﬁﬂiﬂ Hﬁitﬂﬁﬁﬂﬁi ﬂﬁﬁ
0 A AR R AR HE i
thtb Ak AR Hi Hihki i AR hi ik

The Planetary Health Informatics Lab | NDORMS | @PHI_Oxford |

sdno.o) Jabbig
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Ethnicity, Health Equity and Al Project Hnk

A UK Government COVID-19 Core Study

aimed at addressing biases in data whmh( Data ) scientific data

tranS|ated to health Inequalltles. Blas Explore content v About the journal v Publish with us v nature
- Incorrect Health
Analysing data from NHS England + — :
] . = B Assessment
revealed previously unused, rich PV Acorithm i ] B i
eth nicity data. Bias Ethnicity data resource in population-wide health

records: completeness, coverage and granularity of
diversity

Patients,

representing 94%
of UK
population

Patients have missing

Patient self-identified, Of patients have

using the SNOMED system ejchn|C|ty data across their conflicting ethnicity codes
primary and secondary care : :
in their health records

records

The Planetary Health Informatics Lab | NDORMS | @PHI_Oxford | sara.khalid@ndorms.ox.ac.uk
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Common Data Models & Standardised Anal

Raw data
) )
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Common Data Models & Standardised Anal

Rawr data OMOPed data
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Common Data Models & Standardised Anal

Example of a common data model developed by OHDSI

| Person ——— Standardized health Standardized
system data metadata
Rawr data OMOFPed data L[ Observation_period | | y
daltiphe SdiE ik SlENE A ] SAdphird — g Location |‘\ | CDM_source |
—>| Visit_occurrence L’l Location_history | | Metadata |
N L ]
& > Visit_detail i Care_site |/ Standardized
I.l I ] [ i l.] S =I Condition_occurrence |<-: Provider I/‘ vocabularies
% I . - | Concept |
thA = gl Drug_exposure [/|// standardized derived
= | elements | Vocabulary |
-"'-T_'il £ *» Procedure_occurrence I" I e |
l,': P I'\'"_ _":rl l. I ] [ I .] o g ' |/ Condition_era | Domain |
- - E | Device_exposure | Drug_era |
a = C t_cl
T =I Measurement | Dose_era | | oncepr_class |
% | N ’;/ | Concept_relationship |
@ ' 11 < —’| ote Results schema
Ly [y Z e ] [ Felstiomship___]
I Cohort_definition
——>| Survey_conduct l Concept_synonym |
—>| Observation M Standardized health I Concept_ancestor |
economics
i S t t
—->| Specimen l | Cost | ource_to_concept_map |
—>| Fact_relationship | | Payer_plan_period | Drug_strength |
Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk I QHDSI
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Considerations

« Data Sources « Data Quality
— Global, ethical, — Completeness and
representative accuracy of recording
. Linkage (e.g. heat) |
_ De-identified data * Data Analysis

— Many unknowns

— Confounding
— Universal definitions — Multi-stressor
— Tempora| Interactions
synchronization

— Common data model

 Standardisation

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Infrastructure for Large-scale Planetary Health
Analytics

Collection of environmental public
health surveillance data

Analysis of environmental public health

Collation/fintegration bt o

Real Time Second
External Incident Syndromic Generation
Management Systems, or Surveillance Surveillance —
agencies System System Hazard identification

Fire & Rescue Services, and mapping e.g.

LAs (LGA), Ambulance, “\ 4 using GIS
Environment Agency, Food /

Standards Agency, etc. \ ¥

erson Standardized health Standardized
system data metadata
erva

Observation_period ~
! - . COM_source

Standardized
vocabularies

OMOPed data

(v 0y

Routine reporting on
surveillance trends
NHS Digitalf HSCIC over time and space
Hospital Episodes (incl.
A&E) laboratory reports
blood lead, etc

Concept

|/ Standardized derived
elements

(0 [y

Domain
- Exposure assessment

Concept_class

|

anH Bunpel ] yyesH algng [ejusLuuoiaug
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15
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Analysis and exposure L
assessment I —/
: |

emical Inci Health outcome and
son m’ i
Direct events and incidents System{

reporting

Relationship

n
Survey_conduct ,‘ - Concept_synonym

HPZone/ Case Incident J
Management System (CIMS)
economics

Common data models and o Soecmen ] Source_to_concept_map
standardised analytics ) " EPHSS Environmental public

: Public Heatth ~Nealth surveillance system UK
England

te
e
i
ne:
ion

<
&
&
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A project receiving funding from the European Union’s Horizon
2020 Research and Innovation programme under Grant
Agreement N. 101004188

™~
o
-
Q
2

Sensors and loT Data

Warehouse

-

| HEAP Europe An Al-
e = powered platform for

@ @ Wi [' J R research on climate O,,

impact on health DeepCube EXTREME
Explainable Al CARTH

pipeline.s for big Deep Cube Using Al to analyse Copernicus
Copernicusdata  gatellite data and predict climate impacts
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Climate-health Co-benefits

Global health adaptation spending
$18Bn, 1 5.3%

Health systems adaptation planning in 86
countries

Ambitious net-zero healthcare plans, e.g.
UK NHS care delivery emissions | 57%

Health providers divestment: $42Bn

Research on health and climate is up 8
times

Economic benefit of 1.5C: $600 trillion

* healthier workforce, reduced
healthcare costs

Lancet Countdown Report 2020

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
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Climate-health Co-benefits

* Global health adaptation spending
$18Bn, T 5.30/0 NTERGOVERNMENTAL KYoTO

PANEL ON CLIMATE PROTOCOL h
CHANGE 1990 1997

« Health systems adaptation planning in 86
countries

« Ambitious net-zero healthcare plans, e.g.
UK NHS care delivery emissions | 57%

« Health providers divestment: $42Bn
* Research on health and climate is up 8 AI to help meet 45% Paris 2015 targets!

- Figure &. Al-anabled use cases have the potential to assisk astomotive organizations bo maet more tham ane-Fifth of
tl I I I eS their Paris Agreement emission goals by 2030

Credits: Victor Ndula 2009

Ewolution of Economic Emissions Intenzity Pathways For the automotive zector

« Economic benefit of 1.5C; $600 trillion

g~
* healthier workforce, reduced e ————y
T o
healthcare costs
Lancet Countdown Report 2020 SE— = @

— “Akenabled” pathweay
) . — emeimep=remmwalpatey  Capgemini Research Institute Report 2020
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Handle with Care

Top scientists call for caution over artificial intelligence

Artificial intelligence has the potential to eradicate disease and poverty, say
world's top scientists, but researchers must not create something which
cannot be controlled

Planetary Health Informatics Group | | Artificial intelligence must be carefully considered, say scientists F
Centre for Statistics in Medicine | University ot Oxtord | @CSIVI_Uxrord | @PHI_Oxrord
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There is a choice

Cave Man
The “first” wheel
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The first wheel (not a donut!)

OXFORD

The choice is ours

d /N\\\
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The first wheel (not a donut!)
The choice is ours

...I'm rather
good at pottery

A\

/“\\\ % )
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Our Rapidly Warming World

RCP2.6 RCP8.5
(a) Change in average surface temperature (1986-2005 to 2081-2100)

I (°
(°0 IPCC AR5 2014
2 3 4 5 7 9 11

“Climate change is the biggest global health threat of the

144
21s century Lancet Commission Report 2009

"Addressing climate change could be the biggest
global health opportunity of the 21st century”
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Climate Change Al
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Artificial Intelligence for Planetary

Health

Challenges, Opportunities, and Human Choice

The Climate Change AI Summer School 2024: Climate & Health Series

Sara Khalid BE MSc DPhil Oxon

Associate Professor | Centre for Statistics in Medicine

Head | Planetary Health Informatics Lab Planetary
University of Oxford Health .
sara.khalid@ndorms.ox.ac.uk /P H “ Informatics
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A Call to Arms SREORD

A JOINT INITIATIVE QF THE STOCKHOLM RESILIE)ICE CENTRE AT STOCKHOLM
UNIVEES}TY THE BEIJER INSTITUTE OF ECOL

Climate Change Al

E ﬁ&t ECONOMICS AT THE ROYAL
SWEDISH ACADEMY OF SCIENCES, THE PRINCETON INSTITUTE FOR
/Pl lNTERﬁATlONAL AND REQ}ONAL STUDIES AND, T_HE URBAN SYSTEMS LAB AT THE

’ﬁ) % NEW SCHOOL
= 2] R
» vt

ENERGY FORECASTS L m
b ~&
ELECTRICITY SYSTEMS .

, NEWMATERIALS
\ /
7
CROP
YIELD

=m @ _
= §

CEMENT & STEEL PRODUCTION S

PREDICTED
ACTUAL

A |||II l“" ﬂ
L1
O 00 AUTONOMOUS VEHICLES

@ S ,;D vunspouumnmo
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Climate Informatics @ @mPE

HOT WATER & COOLING SYSTEMS

ELECTRIC VENlCLES

REMAINNG lumc :

CompSustNet

Computational Sustainability Network

An open community at the intersection of climate science and

data science.

‘ Join the Community
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