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Question: Do you think that AI and digital health will

1) Substitute and replace some healthcare roles?
2) Have no major effect on healthcare?
3) Improve the quality of care?
4) Increase health-seeking behaviour by patients?



1. Digitally enabled clinical pathways that work: 

Integrated heath systems
Personalised health solutions



Automated delivery and follow up for applicability  
and scalability of SMS text-messaging 

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

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



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



Small population decreases in blood pressure reduce the risk of 
cardiovascular mortality

BP

reduction

Before 
intervention

After 
intervention

SBP reduction
Reduction in mortality (%)

CHD Stroke Total

2 mmHg 4 6 3

3 mmHg 5 8 4

5 mmHg 9 14 7

Based on analysis of 
5 large population 
follow-up studies1,2



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 AI 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
• Place of death



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 



RWE Pharmacovigilance: Main risks of COVID19 vaccination

. Oxford QResearch 
Group -, BMJ 

2021;374:bmj.n1931



Complexity in routine clinical practice

Guthrie B et al. BMJ 2012;345:e6341

Comorbidity of top 10 common conditions



Prescribing big-data analysis/machine learning algorithms 
Health district generic switching (red) versus national prescribing (blue)

OpenPrescribing.net, NDPCHS, Oxford



Oxford-RCGP RSC Dashboard Feedback to GPs
Practices get a dashboard, weekly - most popular for vaccines, some LTC management, data quality 



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 AI applications
• Pandemic tracking for Public Health 
• Uncoded data – future opportunities



What Do We Mean by AI? 

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



What Do We Mean by AI? 

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

Big Data: Ambient Scribes,  
Automated Clinical Coding 

Imaging analysis

Big Data: Risk Prediction Models, 
Disease Tracking

Clinical pathways and 
digital health solutions



What Do We Mean by AI? 

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

Big data: Disease Tracking



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

Harder to control

SARS-COV-2



Pre-symptomatic transmission of COVID-19

Around half (46%) of 
transmissions 
occur before a person 
shows symptoms of 
infection

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 



Home Train Work Home

Close
Nearby

Awakes with 
fever

Report symptoms 
Request home test 

Positive 
Covid-19

Automated test request
Self-isolate - 14 days

Advice on social distancing 
(lower risk contact)

has COVID-19 infection. No symptoms
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Digital tracing app for COVID



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.”

Index tests 
positive

Tracking App notification options



Speed matters: test & trace ideally within 24 hours

Instant    

Instant    

Instant    

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



Uptake : the more app users the greater impact



What Do We Mean by AI? 

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

Big data: Risk Prediction Models





COVID-19 vaccines

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

Q-COVID score
Used by UK to determine 
• Need to shield
• Ordering of first wave 

COVID vaccination



Ø 55yr old heavy 
smoker

Ø FH CHD
Ø SMI
Ø Atypical 

antipsychotics
Ø QRISK2 score = 

13.6%
Ø QRISK3 score = 

21.4%

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

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

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

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

http://www.ukbiobank.ac.uk/about-biobank-uk
http://www.ukbiobank.ac.uk/about-biobank-uk
http://www.ukbiobank.ac.uk/about-biobank-uk
http://www.ukbiobank.ac.uk/about-biobank-uk
http://www.ukbiobank.ac.uk/about-biobank-uk
http://www.eyepacs.org/


Predicting CV risk factors from retinal images

Poplin R, Varadarajan AV, 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



AI system to detect CKD from smartphone retinal images

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 AI? 

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

Imaging analysis



International evaluation of an AI system for breast cancer 
screening 



\

Trained on both datasets (solid curve),
AUC is 0.8107 (95% CI 0.791, 0.831; n = 3,097. 
Trained on only the UK dataset (dotted curve), 
AUC is 0.757 (95% CI 0.732, 0.780). 

AUC 0.889 (95% CI 0.871, 
0.907; n = 25,856 patients) 

International evaluation of an AI system for breast cancer 
screening 



International evaluation of AI system for breast cancer screening

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



What Do We Mean by AI? 

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

Clinical pathways



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

Add AI algorithms that 
• tailor treatment advice to patient phenotype
• account for recorded adverse events

• 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

Meaningful 
questions

Fit-for-
purpose
data &  

analytics

Externally 
validated 
findings

REAL-WORLD EVIDENCE (RWE)
Real-World Evidence as a capability—data, 
tools, processes, organization—underpinning 
several functions to drive business intelligence

REAL-WORLD 
DATA (RWD)

Pharma data 
(RCT, observational)

Mortality,
other registries

Hospital visits, 
service details

Social 
media

Test results,
lab values, 

pathology results

Pharmacy
data

Electronic medical and 
health records

Consumer
data

Claims 
databases



ca.25,786
Molnupiravir recruits in 

5m Dec21-Apr22 

28,000
Participants recruited 

(UK)

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)

 



Interesting issues for AI

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

– Why do advanced AI systems sometimes ‘act’ unethically?
 



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 The Radcliffe Primary 
Care Building



Information Sciences campus for the centre of Oxford: 
Oxford Institute of Digital Health
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Approach from Walton Street
Façade Design





Thank you for listening


