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Question: Do you think that Al and digital health will

1
2
3
4

Substitute and replace some healthcare roles?
Have no major effect on healthcare?

Improve the quality of care?

Increase health-seeking behaviour by patients?

)
)
)
)



1. Digitally enabled clinical pathways that work:

Integrated heath systems
Personalised health solutions



Automated delivery of SMS text-messaging for improved
medication uptake in Soweto o

e) Response SMS OO O f) Response POST

Intervention Phones

,,,,,,,,,,,,,,,,,,,,

A pill box can help

you to remembper

when to take Your

high bloog Pills. Ask
at WINDOWw 11

. Where yoy can buy
One. ThnxDrNamane

(DR@vA N)

' '
| [ =
[ [
| Trial Part|C|pant'

OPEN

x ‘ ¢) SMS Report d) Report POST ’
E\l tXtNati0n® a) Message POST

b) SMS Message

Bobrow, Farmer et al. Circulation 2016; 132:592-600



Patient self-management of hypertension: validated

monitors and simple treatment algorithm

Mean blood pressure (mm Hg)

Effect size (mm Hg)

Baseline 6 months 12 months Baseline to 6 months  Baseline to 12 months
Systolic blood pressure; unadjusted
Intervention ~ 152-1(150-6t0153-6)  139:0(137-0t0141.0) 1349 (132-6t01371) 37 (0-6t06-8) 5.5 (2:2 t0 8-8)
Control 151.8 (1503t0153-3)  142-4(1402t0144-6) 140-1(138-0t0 142-2)
Systolic blood pressure; adjusted*
Intervention ~ 151.9 (150-8t0153-1) 1388 (136-6t0141-0) 1347 (1323t0137.0) 37 (0-8t06:6) A\5)
Control 152:0 (1509t0153-2) 1426 (140.5t0144-8)  140-3 (1380 t0 142-6)
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Small population decreases in blood pressure reduce the risk of
cardiovascular mortality

// /
After —> T < — Before
intervention intervention
Based on analysis of
BP 5 large population
reduction follow-up studies’:2

///’ / ///
/ /
. y

Reduction in mortality (%)
SBP reduction

CHD Stroke Total
2 mmHg 4 6 3
3 mmHg 5 8 4
5 mmHg 9 14 7/



2. Healthcare Big Data analyses:
Based on electronic health records (EHR) for healthcare encounters

1. Use for health service intelligence
* Acute disease surveillance
« Population disease burden data for policy makers
«  System, physician, patient behaviour change for care models

2. Potential for Al applications

« Pandemic tracking for Public Health
 Uncoded data — future opportunities



Data collected in primary care

« Demographic, DOB, ethnicity, etc
« Health service activity
 Workload, screening,
Immunisation, preventative care

* Prescribing
 Laboratory data
« Referrals & admissions
« Waiting times
 NHS spending

=+ Mortality — cause of death

ontrac
Review Type

(DiSBEHEBARBITEVBAN Disbetic annual review 15/11/2006 = omckisishs) I
Aufiee 072008 *Diabetic foot check |
*DIABETES Exception Reporting and Maximum Tolerated Therapy ¥ “Diabetic eye check ®
Last entry: Not found _
inati tigations FRelated Treatment
*Systolic BP mmHg 120mmHg 30/10/2007 Utine protein v “Diabetic - recorded diagnastic reviews
“Diastolic BP mmHg  56mmHg 30/10/2007 Utine protein test negative, 16/02/2007 —_—
Standing Systolic Bp mmHg 112mmHg 30/05/2007 M
N — = ination, 10/11/1935
Standing Diastolic Bp mmHg 58 mmHg 30/05/2007 nozoos | )
Height em 178cm 30/10/2007 [T £ CRR— I “Influenza vaccination v
. p— “HbJ T | Influenza vaccination, 23/10/2007
B (3 €305 Vilverly Hb. A1C - disbetic contiol, 7.7 %, 02/11/200¢
M [3043 - 3043 30/10/2007 o o E—
Pulse v
Alcohol intake units/week 0 units/week 30/10/2007 O/E - pulse rate, 71 beats/minute, 30/10/20(  Albumin / creatinine ratio
Haemoglobin Alc level % 83% 10/10/2007 Appetite | fite normal  06/03/2007
*Serum creatinine umol/L 104 umol/L 17/10/2007 O/E - oedema of ankles [~ O/E - cedema of ankles 06/03/2007
“Serum cholesteral mmol/l 3.9 mmol/l 10/10/2007 Impotence [~ Impotence 19/01/2004
HDL cholesteral level mmolAl 0.8 mmol/l 10/10/2007 Last hypo. attack [~ Last hypo. attack not found =
LDL cholesterollevel [ mmol/l 2.7 mmol/l 10/10/200 e
Serum tighcerdes S el 1077250 Health ed. ﬁ:ﬁlc Health ed. - alcoh idaaunurmw
| mmel - - alcohol
Plasma glucose level [ mmolA 8.4 mmol/l 16/04/2004 Health od. - dist |- Heakh od. - dict 30/10/2007
Plasma fasting glucose level mmol/l Plasma fasting glucose level not found Health od. - exerciss [~ Health d. - exercise 30/10/200;
jon revi I~ Medication revi 06/03/ Follow up Disbetic Annual Review | =
During the last month, have you often been bothered by feeling down, depressed or hopeless? Depression screening using questions [~

During the last month. have you often been bothered by having little or no interest in doing things? Depression Template. |

‘Wherever possible values are colour coded. Values in black cant be colour coded or in blue are not date dependent. =
Values in GREEN (< 12 months old) #alues in RED (> 12 months old) need i O] | _cancel | Previous Data|




Other sources of linkable information

» HES — England only

— admissions; outpatient appointments; A&E

= ONS Mortality data

— causes

» Deprivation information from UK Census 2001/2011
— Townsend score; IMD

= Cancer Registry UK
= MINAP - Myocardial Ischaemia National Audit Project



UK mortality with COVID-19, ORCHID & Oxford-RCGP RSC

« Sentinel PC faster than ONS

* Mortality related to

Male gender
Increasing age
Black ethnicity
Deprivation
Population density
Household size

Chronic disease

40

Rate per 100,000
o =) o S >R S

o

Source

ONS 2019

e~ ONS 2020

e~ RCGP RSC 2019
o~ RCGP RSC 2020

¢

10 12 14 16 18 20
ISO Week



RWE Pharmacovigilance: Main risks of COVID19 vaccination

thelomaj Visual Abstract €

Summary

Covid-19 and adverse events
after vaccination and SARS-CoV-2 infection

INncreased risks of some adverse thrombotic events leading to
hospital admission or death were observed in the 28 days after first

doses of vaccines. The risks of most of these events were
substantially higher and more prolonged after SARS-CoV-2 infection

Study design

Population

Self-controlled
G case series

periods in the same patient

291 million people vaccinated

with first doses in England J—

19.6 million ChAdOx1 nCoV-19 *
Data from

1 December 2020
to 24 April 2021

9.5 million BNT162b2 mRNA *
1.8 million had positive SARS-CoV-2 test

Outcomes 8-28 days after exposure

with ChAdOXx1 NnCoV-19 vaccine
with BNT162b2 mRNA vaccine
with SARS-CoV-2 infection

Thrombocytopenia

Venous thromboembolism

Arterial thrombosis

Cerebral venous sinus thrombosis

Ischaemic stroke

Myocardial infarction

Other rare arterial thrombotic event

& https://bit.ly/BMJc19ae

Compared exposed with unexposed

* Oxford-AstraZeneca
T Pfizer-BioNTech

Incidence rate ratio 952< ClI
1 2 4 6 8 10 260
-®—
——
—_———
-
—— —
-®-
= o
<> 1
L@~
[— —
= .
__._
——’_
—_—————

. Oxford QResearch
Group -, BMJ
2021;374:bmj.n1931

© 2021 BMJ Publishing group Ltd.



Complexity in routine clinical practice

Comorbidity of top 10 common conditions

Percentage of patients G,Q,'o" @2
with the row condition S L o S Q&
who also have the =) S JORGHRY @%"e ° Percentage Mean No of

column condition

d

« Wwhoonly conditionsin
& have the row people aged
condition* <65 years with 265 years with

row condition row condition

Mean No of
conditions in
people aged

Coronary heart disease 8.8 3.4 4.4
Hypertension 21.9 2:9 3.6
Heart failure 2.8 3.9 5.6
Stroke/transient 6.0 3.6 4.8
ischaemic attack
Atrial fibrillation 6.5 3.3 5.0
I Diabetes 17.6 2.9 6.5
Chronic obs [uctive 14.3 2.8 4.5
pulmonary disease
Painful condition v By 4 3.1 4.3
Depression 25.4 2.6 4.9
4.6

Dementia e (6} @ @ QO 0 QQ 5.3 4.1

* Percentage who do not have one of 39 other conditions in the full count

Guthrie B et al. BMJ 2012;345:e6341



Prescribing big-data analysis/machine learning algorithms

Health district generic switchin

2
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Oxford-RCGP RSC Dashboard Feedback to GPs

Practices get a dashboard, weekly - most popular for vaccines, some LTC management, data quality

September - October focus: Influenza vaccination performance

patients only.
Please select a week to see historic data : |2019-11—04 -2019-11-10

¥ I

Vaccination performance by year, and by past week

YTD Rate

Ya

L]

Home

This feedback provides information on how your practice is performing at vaccinating and recording influenza vaccinations compared with the virology practices in the RCGP RSC network
participating in the swabbing study. The ideal recording for vaccinations is to record the event and a valid batch number. Please note that 2-10yrs in a risk group are included as risk group

Comparison with rest of the virology practices, This does

not include decline patients.

Adults aged
66+
Risk group
patents
Pregnant
wom en
Children aged
410
Children aged
23
Other

Total target

- g
2
o

Practice
pepulaton

2 |

8= ] o BZa | B °
= = =0 | = = e ——
Overall Influenza ERa | £ S Sk SES | SEE S35
vaccination performance 25 =° & Scg | 8o R >
Adults aged | P2 502 | 1.55 22 2
£S5+ Al 9,496 | 2% | : 546
Risk group |P
patisnts Al T 13 | |
Pragnant P | 15| 0 1.72 0
Your flu vaccine coverage is lower || Women Al | 061 | 76 2.56% | 02 £
than the RSC. Please code all Children 2 17 E
vacconatons aged 4-10 Al 2221 l - | 3
Children P3 |
aged 2-3 A £ | |
Other v =
If you vaccinated all 95¢ Al |
e s . Total P o 7 ) 3 "
remaining eligible patients you —— — . - —iced -
group A X 3 2 179% ] € 3
could earn dm A o=
Practice = 7
£9,368.80 population Al 7
Select the data up until : |2°19'"‘1°
B incomplete B Eventoniy P353538 Overall shingles
M VvaidBatchNoOnly B EventandvalidBatchNo All GPs vaccination performance

"0
-

Overall, you are performing really
well! Keep up the good work!

If you vaccinated all

295

remaining eligible patients you
could earn

£2,967.70

Zoster Vaccination

40.0%

P35398

RSC

Herpes Zoster and Post herpetic
neuralgia diagnosis 50yrs+

Post Herpetic
Herpes Zoster Neuralgia

ngles and Pneumococcal Feedback

Select the data up until : l2019-11-10

M l

Pneumococcal

Overall pneumococcal
vaccination performance

Overall, you are performing at
expected levels. Keep working hard
to reach your goall

626

If you vaccinated all

remaining eligible patients you could

earn
£6,134.80

Vaccination(PPV)

Vaccinated

40.0%+

20.0%

0.0% |

P35388

RSC

Pneumonia diagnosis 50yrs+

Pneumonia

| —]




2. Healthcare Big Data analyses:
Based on electronic health records (EHR) for healthcare encounters

1. Use for health service intelligence
* Acute disease surveillance
« Population disease burden data for policy makers
«  System, physician, patient behaviour change for care models

2. Potential for Al applications

« Pandemic tracking for Public Health
 Uncoded data — future opportunities



What Do We Mean by Al?

deep learning

machine learnin

predictive analytics

translation

natural language

classification & clustering Srocessing (NLP

information extraction

speech to text

speech Artificial Intelligence
text to speech ( AI)

expert systems

planning, scheduling &
optimization

robotics

image recognition

) - vision
machine vision

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/



What Do We Mean by Al?

Big Data: Risk Prediction Models,

Disease Tracking
deep learning

machine learnin

predictive analytics

translation

natural language
processing (NLP

Big Data: Ambient Scribes,

classification & clustering Aut ted Clinical Codi
utomate inical Coding

information extraction

speech to text

speech Artificial Intelligence

W/

text to speech

expert systems

planning, scheduling &

optimization Clinical pathways and
robotics digital health solutions
image recognition o
VISION

machine vision

Imaging analysis

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/



What Do We Mean by Al?

Big data: Disease Tracking

deep learning

machine learnin

predictive analytics

translation

natural language

classification & clustering Srocessing (NLP

information extraction

speech to text

speech Artificial Intelligence
text to speech ( AI)

expert systems

planning, scheduling &
optimization

robotics

image recognition

_ - vision
machine vision

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/



COVID-19/SARS-COV-2 test and trace app

15
14
_ 131
L 12 -
g 11 4 Harder to control
c
c 10 4
o
= 94 38
S nes
S 849 ®
o
2B
o
o ©7
g °]
o4 § SARS-COV-2 HIV
= 3
2 Influenza
1
0 T T T T
0% 20% 40% 60% 80% 100%

0 = proportion of infections that occur prior to symptoms



Pre-symptomatic transmission of COVID-19

R, = 0.9 from pre-symptomatic
Around half (467%) of | oo
transmissions B R. = 0.1 from asymptomatic
occur before a person
shows symptoms of
infection

0.3 1

0.2 1

0.1 1

B(t) (transmissions per day)

0.0 HA—I_

0 2 4 6 8 10 12
T (days)

Ferretti, Wymant et al. Science 202; Liu et al. Wellcome Open Research 2020; He et al.
Nature Medicine 2020; Ganyana et al. Eurosurveillance 2020; Casey et al. Medrxiv



[ ]
SubjectTA has COVID-19 infection. No symptoms

tal tracing app for COVID
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Tracking App notification options

1) AMBER notifications: an early warning — trace on
self diagnoses symptoms alert “You’ve come into
contact with someone with suspected symptoms of
COVID-19, we recommend following NHS guidance on
social distancing, hand washing etc. ”

Time to prepare: e.g. make arrangements at work
Ensure adherence to social-distancing, consider
wearing a mask, increase hand washing etc.
Don't visit elderly relative

2) RED notifications: trace based on a test alert “You’ve
come into contact with someone with COVID-19 and you
need to quarantine and request a test.”




Speed matters: test & trace ideally within 24 hours

200000 I
C
g No App
e]
x|
%) 3 I
= % 6 day del
8 2 I ay delay
o] |
2 100000 I Siday ceiay
b
o I 2 day delay
S
= [
= [ Instant
O nstan
[
I
0 I
0 50 100 150

Days post start of lockdown

Incidence

600000

500000

400000

300000

200000

100000

End of lockdown

50 100
Days post start of lockdown

Benefit of contact-tracing is lost if tracing is delayed e.g. higher risks of
transmission if testing is delayed 2, 4 or 6 days

150

No App

6 day delay
4 day delay
2 day delay

Instant

—



Uptake : the more app users the greater impact

If we reduce potentially infectious contacts by 20%, and 56% of the population use the app,
we can considerably slow the epidemic. The app has an effect at all levels of uptake.

Lockdown

500000 -

% App usage

— No app uptake
250000 -
— 28%
— 42%

so

Daily new cases

|
|
|
| — 14%
|
|
|

O-l 1 1 il
50 0 50 100 150

Days after start of lockdown



What Do We Mean by Al?

Big data: Risk Prediction Models

deep learning

machine learnin

predictive analytics

translation

natural language

classification & clustering Srocessing (NLP

information extraction

speech to text

speech Artificial Intelligence
text to speech ( AI)

expert systems

planning, scheduling &
optimization

robotics

image recognition

) - vision
machine vision

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/
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#|Check for updates

ized COVID-19—whichis caused bysever

3.5 million globally,

cases of COVID-19, and 30

https://doi.org/10.1038/s41 586-020-2521-4

On11March2020, the World Health Orga

eacuterespir
coronavirus2 (SARS-CoV-2)—asa pandemic, after 118,000 cases and are unclear”™.
4,291 deaths were reported in114 countr
date of latest data availability for this study),
with more than 240,000
virus'. On the same day in the UK, there
,615 CcovID-19-related deaths’.

Y Lectablished risk factors for seve
or severc ™" = .ceofdeathrequiresanew approach.V

n'¢, Seb Be
<2, Amir Mehrkar”, David Evans’, Petet

Elizabeth J. Williamson'®, Alex J. Walker?®, Krishnan Bhaskara

carolineE. Morton? HelenJ. Curti

Jonathan Cockburn®, Helen|. McDonald", Brian MacKenna?, Laurie Ton
lan J. Douglas’, Christopher T. Rentsch', Rohini Mathur', Angel Y.S. Won
David Harrison®, Harriet Forbes', Anna schultze', Richard Croker?, John
Sam Harper’, Rafael Perera’, stephenJ.W. Evans', Liam Smeeth' &Be

//
Coronavirusdisease 2019 (COVID-19) has rapidly affected mortal
is unprecedented urgency to understand whois mostatriskof'se
this requires new approaches for the timely analysis of large data
behalf of NHS England, we created OpenSAFELY—2 secure health
that covers40% ofall patientsin England and holds patient data’
datacentre of amajor vendor of primary care electronichealthr
OpenSAFELY to examine factors associated with CoVID-19-relat
£17,278,392 adults were pse udonymously linked t
OVID-19-related deathwas associated with:
ratio (HR) 1.59 (95% confidence interval 1.53-1.65)); greater age
(bothwithastrong gradient); diabetes; severe asthma; and vari
conditions. Compared with peopleof white ethnicity, Blackant
were at higher risk, even after adjustment for other factors (HR

1.45(1.32-1.58), respectively). Wehave quantified arange of cli

with COVID-19-related deathinoneofthe largest cohort studi
ed to OpenSAFELY,

More patient recordsare rapidly being add
extend our results regularly.

care recordsof
19-related deaths. C

nization (WHO) character- ina French intensive care cohort’ (n=12

atory syndrome presentation cohort® (n=3,615)- The risk

-1_people from Black and mi

ies?. As of 6 May 2020 (the increased risk of poor outcomes from CC
12,13

cases had reached over unclear™".

Factors associated with COVID-19-relaf

deathusing OpenSAFELY

Age group

50-59
2009 "
70-79

Sex

Female

Male L
Obesity

Not obese (ref
Obese clas(srel)
Obese class Il
Obese class lI
Smoking status
Never (ref)

Former

Current
Ethnicity

White (ref

gﬂixeﬁ( "

outh Asi

Black san

Other
Deprivation (IMD) quintile
; (least deprived,; ref)

3

4
5 (most deprived)

Diabetes
No diabetes (ref)
Controlled (HbA1
oAl ¢ < 58 mmol mol™')
s E‘g&igATC > 58 mmol mol-)
Cancer (non-h
-haematologi
Bgver A logical)
iagnosed <1 yea
B!agnosed 1~4y.9 yreaa%)ago
iagnosed 5+ years ago
Haematologi i
cal malign:
g_ever (ref) gnaney
iagnosed < 1 yeal
B!agnosed 144.y9 yere:rgsoago
iagnosed 5+ years ago
Reduced kidney fi i
u
NéJE; o y function
e 30-60 ml min~! 2
eGFR <30 mlmin~' p%?g??-gamrg
Asthma

No asthma (ref)
With no recent
With recent chcugeuse

Chronic respiratory disease
Chronic cardiac disease
Hypertension or high blood pressure

Chronic liver disease

Stroke or dementia
Other neurological disease
Organ transplant

Asplenia

Other immunosuppressive condition

deaths attributed to the Patientcare istypically managed throuf

18-39 <<< HR = 0.06 (0.04-0.08)
—o—

Rheumatoid arthritis, lupus or psoriasis

ad been 206,715 confirmed whichare commonly usedin research.HO\
tothe analysis of’ electronichealth records

reCOVID-  of small samples of historic data. Evalu

N P

T

T
0.25 0.5

Hazard ratio



Williamson EJ,et al. Factors associated with
COVID-19-related death using OpenSAFELY.
Nature 584, 430-436 (2020).
https://doi.org/10.1038/s41586-020-2521-4

Obesity

Not obese (ref)
8bese c:ass II o
bese class :
Obese class Il - o

Smoking status :
fh:lever (ref) ‘ “
ormer :
Current o
Ethnicity :
White (ref) ®

Mixed D ——

South Asian :
Black :
Other :

Deprivation (IMD) quintile :
1 (least deprived; ref) ®

2 :
3 :
4 :
5 (most deprived) ; &

Diabetes

No diabetes (ref)
Controlled (HbA1c < 58 mmol mol7) ‘ ol

Uncontrolled (HbA1c = 58 mmol mol™) : M
Unknown HbA1c :
Cancer (non-haematological) :
Bever (re-’é1 : ‘
iagnosed <1 year ago :
g dyg g

Diagnosed 1-4.9 years ago
Diagnosed 5+ years ago M

Haematological malignancy

Never (ref) ‘
Biagnoseg 1_1‘1 )éear ago : m—{
iagnose 9 years ago :

Diagnosed 5+ yegrs ago : o

Reduced kidney function :

None (ref) . ®

eGFR 30-60 ml min~' per 1.73 m| .

eGFR <30 mlmin~' per 1.73 m? : @
Asthma :

No asthma (ref)
With no recent OCS use
With recent OCS use

Chronic respiratory disease ol
Chronic cardiac disease L

Hypertension or high blood pressure

Chronic liver disease o
Stroke or dementia ol

Other neurological disease e
| Organ transplant ‘ —e—

Q-COVID score

Used by UK to determine

* Need to shield

* Ordering of first wave
COVID vaccination



Estimated 10 year risk of cardiovascular disease
QRISK3 Web calculator https://grisk.org/three/

How does your 10-year score compare?

— Your score
- . » 55yr old heavy
Your 10-year QRISK®3 score 21.4%
_ o, smoker
The score of a healthy person with the same age, sex, and ethnicity’ 35.8% > FH CHD
Relative risk 3.7 > SMI
Your QRISK®3 Healthy Heart Age” 74 > Atypical
— _ — — antipsychotics
*  This 1s the score of a healthy person of your age, sex and ethnic group, 1.e. with no adverse clinical indicators and
a cholesterol ratio of 4.0, a stable systolic blood pressure of 125, and BMI of 25. » QRISK2 score =
** Your relative risk 1s your risk divided by the healthy person's risk. 13.6%
“* Your QRISK®3 Healthy Heart Age is the age at which a healthy person of your sex and ethnicity has your 10- _
year QRISK®3 score. > QRISK3 SCO re -
21.4%

Hippisley-Cox J, et al. Development and validation of QRISK3 risk prediction algorithms to estimate future risk of cardiovascular disease: prospective
cohort study. BMJ. 2017 23;357:j2099



Current disease risk calculators limitations

« Standard big data risk factor driven algorithms are fairly
accurate (AUC of around 80%)

« But clinical records on average hold data on only 30% of all
risk factors

« Can machine learning algorithms help?



Predicting CV risk factors from retinal images

Convolutional neural network trained on data & retinal fundus images from 284,335 patients (48,101 UK Biobank
(http://www.ukbiobank.ac.uk/about-biobank-uk) and 236,234 patients from EyePACS (http://www.eyepacs.org) and

validated these models using images from 12,026 patients from the UK Biobank and 999 patients from EyePACS

Predicted (years)

90 b
- UK BioBank 240 | - UK BioBank
- EyePACS
= 220
“Q 200
o)
60 € 180
E
©
50 8 160
B e, ey
< 140 s R
40 - e e
30 P
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Poplin, R., Varadarajan, A.V., Blumer, K. et al. Prediction of cardiovascular risk factors from retinal fundus photographs via
deep learning. Nat Biomed Eng 2, 158-164 (2018). https://doi.org/10.1038/s41551-018-0195-0
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Predicting CV risk factors from retinal images

Original Gender
Actual: 57.6 years Actual: female
Predicted: 59.1 years Predicted: female
Smoking HbA1c
Actual: non-smoker Actual: non-diabetic Actual: 26.3 kg m™
Predicted: non-smoker Predicted: 6.7% Predicted: 24.1 kg m™

Poplin R, Varadarajan AV, Blumer K. et al. Prediction of
cardiovascular risk factors from retinal fundus

SBP DBP
. . photographs via deep learning. Nat Biomed Eng 2, 158—-

Actual: 148.5 mmHg Actual: 78.5 mmHg 164 (2018). https://doi.org/10.1038/s41551-018-0195-0

Predicted: 148.0 mmHg Predicted: 86.6 mmHg




Al system to detect CKD from smartphone retinal images
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Zhang, K., Liu, X., Xu, J. et al. Deep-learning models for the detection and incidence prediction of chronic kidney disease and
type 2 diabetes from retinal fundus images. Nat Biomed Eng 5, 533-545 (2021). https://doi.org/10.1038/s41551-021-00745-6



What Do We Mean by Al?

deep learning

machine learnin

predictive analytics

translation

natural language

classification & clustering Srocessing (NLP

information extraction

speech to text

speech Artificial Intelligence
text to speech ( AI)

expert systems

planning, scheduling &
optimization

robotics

image recognition

) - vision
machine vision

Imaging analysis

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/



International evaluation of an Al system for breast cancer

screening
Test datasets Ground-truth determination
: : % Positive if biopsy-confirmed
within T + 3 months Otherwise, negative if a second exam
Number of women 25,856 3,097 occurred after T- A
Interpretation Double reading Single reading
Screening interval 3 years 1 or 2 years 0 T 2T
Index exam :
Cancer follow-up 39 months 27 months Last available data
Number of cancers 414 (1.6%) 686 (22.2%) Screening interval (T)
Evaluation
Comparison with retrospective Generalization Independently conducted
clinical performance across datasets reader study
R1
Al system read PT TS R2
L &£ -
- R4
. Trained on Tested on s
Clinician read UK training set US test set R6
UK and 6 radiologists read 500 cases

US test sets from US test set



International evaluation of an Al system for breast cancer
screening

a Breast cancer in 3 years (UK) b Breast cancer in 2 years (USA)

1.0 1.0

AUC 0.889 (95% C1 0.871,
0.907; n = 25,856 patients)
0.8 0.8
Trained on both datasets (solid curve),
3 AUC is 0.8107 (95% CI 0.791, 0.831; n = 3,097.
my Trained on only the UK dataset (dotted curve),
> 0.6— ’f > 0.6 AUC is 0.757 (95% CI 0.732, 0.780).
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. . ASensitivity = 9.40%
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— Al system » Mean first reader ¢+ Consensus — Al system + Al operating point

- Al operating point = Mean secondreader  ~ " T~ oo Al system (UK training only) + Mean human reader
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International evaluation of Al system for breast cancer screening

Breast cancer in 2 years (USA)

Fig. 3| Performance of the Al system in breast cancer prediction compared to
sixindependent readers. a, Six readers rated each case (n=465) using the
six-point BI-RADS scale. A fitted ROC curve for each of the readers is compared to
the ROC curve of the Al system (see Methods section ‘Statistical analysis’). For
reference, anon-parametric ROC curve is presented in tandem. Cases were
considered positive (n=113) if they received a pathology-confirmed diagnosis of
cancer within 27 months of the time of screening. Note that this sample of cases
was enriched for patients who received a negative biopsy result (n=119), making
this amore-challenging population for screening. The mean reader AUC was
0.625(s.d. 0.032), whereas the AUC for the Al system was 0.740 (95% C10.696,
0.794). The Al system exceeded human performance by a significant margin
(AAUC=+0.115,95% C10.055, 0.175; P=0.0002 by two-sided ORH method

(see Methods section ‘Statistical analysis’)). For results using al2-month interval,
see Extended Data Fig. 2. b, Pooled results from all six readers froma. ¢, Pooled
results (n=408) from all 6 readers using a 12-month interval for cancer
definition. Cases were considered positive (n=56) if they received a pathology-
confirmed cancer diagnosis within one year (Extended Data Table 3).

McKinney, S.M., Sieniek, M., Godbole, V. et al. International evaluation of an Al system for
breast cancer screening. Nature 577, 89-94 (2020) doi:10.1038/s41586-019-1799-6



What Do We Mean by Al?

deep learning

machine learnin

predictive analytics

translation

natural language

classification & clustering Srocessing (NLP

information extraction

speech to text

speech Artificial Intelligence
text to speech ( AI)

expert systems

planning, scheduling & //

optimization Clinical pathways
robotics

image recognition

) - vision
machine vision

https://www.legaltechnology.com/latest-news/artificial-intelligence-in-law-the-state-of-play-in-2015/



Patient self-management of hypertension: validated
monitors and simple treatment algorithm

Mean blood pressure (mm Hg) Effect size (mm Hg)

Baseline 6 months 12 months Baselineto 6 months  Baseline to 12 months

Systolic blood pressure; unadjusted

Intervention  152:1(150-6t0153-6)  139-0(137-0t0141.0)  134.9(132:6t0137:1)  37(0-6t06-8) 55(22t08:8)
Control 151-8(1503t0153-3)  142:4(1402t0144:6) 1401(138:0t0142-2)

Systolic blood pressure; adjusted*

Intervention 1519 (1508t01531) 1388(1366t01410) 1347 (1323t01370) 37 (0-8t06:6) 54 (2-4t08:5)
Control 1520(1509t0153:2) 1426 (1405t0144-8) 1403 (138-0t0 142:6)

Add Al algorithms that
* tailor treatment advice to patient phenotype
» account for recorded adverse events

e account for available medications or tests, such as in LMIC



Digitally enabled drug development

— RWE for new indications for existing drugs

— Pre-identification of target subjects for trials

— Digitally enabled trial delivery

— Pharmaco-vigilance RWE data in general populations
— Faster implementation of new treatments



Linked real-world clinical data sources for RCT follow up

Pharma data
(RCT, observational)

Consumer Electronic medical and
data — ~ nﬁ health records
b -l

Pharmacy
\ data

REAL-WORLD
DATA (RWD) ]

Claims N Mortality,
databases E 1 &." other registries

Test results, Hospital visits,
lab values, service details

pathology results

Fit-for-
purpose

data &
analytics

REAL-WORLD EVIDENCE (RWE)

Real-World Evidence as a capability—data,
tools, processes, organization—underpinning
several functions to drive business intelligence



PANORAMIC

Platform Adaptive trial of NOvel
antiviRals for eArly treatMent of
COVID-19 In the Community

F_ )

Digitally enabled COVID trials

Varied recruitment routes

- Traditional via GP

- Direct to patient via UK website

- Online GP/nurse consults
« Central trial unit sending medications
« Daily online symptom diaries
 Follow up from linked national
datasets on primary outcomes
(deaths/hospital admissions)

Dublin

-

ca.25,786

Molnupiravir recruits in
5m Dec21-Apr22

~

28,000

Participants recruited
(UK)

~




Interesting issues for Al

— Why do existing systems ‘hallucinate’ or give false answers?

— Why do advanced Al systems sometimes ‘act’ unethically?

Q @ Aldidnt shut down ¢ h + ©

Q_ oxford glo... B3 clobal ce... — Executive.. — Email Us Q Aldidnt sh... (0 Failed to o. @ Failed too... ) Failed too... B Failed too... ([ Failed to o.

About 2,740,000 results

A new report by research firm Palisade revealed that OpenAl's latest
Al model, 03, blatantly ignored instructions to turn itself off ina
controlled experiment.

ChatGPT-03 refused to shut itself down in a controlled Al test ...
~ www.windowscentral.com/software-apps/chatgpt-03-ignored-shutdown-com...

Was this helpful? & &8

News about Ai Didnt Shut Down
& Live Science on MSN - 13d
OpenAl's 'smartest' Al model was explicitly told to shut...

An artificial intelligence safety firm has found that OpenAl's 03 and 04~
mini models sometimes refuse to shut down, and will sabotage...

T - 1d - on MSN
ChatGPT will avoid being shut down in some life-... © Openit

A former OpenAl researcher published new research claiming that the
company's Al models will go to great lengths to stay online.

To MSN browse more news >
feedback ¢y

com > > arti...

OpenAl's 'smartest' Al model was explicitly told to shut ...
31May 2025 - An artificial intelligence safety firm has found that OpenAl's 03
and o4-mini models sometimes refuse to shut down, and will sabotage

Live Science

computer scripts in order to keep working on tasks.

¢ Ceeklare
https://geekflare.com > news
OpenAl's 03 Model Refused to Shut Down, Even When Told To
24 May 2025 - % OpenAl's 03 model sabotaged a shutdown mechanism to prevent itself

fram haina hirnad off It did thie avan whan avnlirithy inctrictar: allow vaiirealf tn ha chirt



Summary

= Digital Health will help transform health systems

= Could provide safer, more efficient, better access healthcare but requires:
— Investment in infrastructure and people
— Rigorous evaluation




Oxford University: An Overview
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Information Sciences campus for the centre of Oxford:
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