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The Healthcare Improvement Studies Institute

• We generate high-quality evidence 
on what works in improving 
healthcare, what doesn’t, and why.

• We combine academic rigour with 
multi-stakeholder perspectives.

• We bring people together to 
understand problems, create shared 
visions, co-design solutions, and 
evaluate them.

We believe efforts to improve care should always be based on the 
highest quality evidence.

www.thisinstitute.cam.ac.uk



Ø AI as normal healthcare technology

Ø Two case studies: 
v risk prediction models
v AI medical scribes

Ø Diffusion and the “value intersect”

Ø Recommendations

This talk



• Articulate a vision of AI as “normal 
technology”

• Compare AI to transformative, general-
purpose technologies such as electricity 
and the internet

• Contrasts to visions which treat AI as a 
highly autonomous, potentially 
superintelligent (and dangerous) species

Narayanan, A. & Kapoor, S. AI as Normal Technology, 25-09 
Knight First Amend. Inst. (2025), 
https://knightcolumbia.org/content/ai-as-normal-technology

Narayanan & Kapoor: AI as “normal technology”



Benchmarks do not measure 
real-world utility



• For disruptive technologies, diffusion requires changes to the structure of organisations, as 
well as to social norms and laws.

• Diffusion is therefore limited by the speed of human, organisational, and institutional change.

• AI diffusion in safety-critical areas is slow, because the innovation-diffusion feedback loop in 
those areas is slow. 

The innovation-diffusion feedback loop

Narayanan, A. & Kapoor, S. AI as Normal Technology, 25-09 Knight First Amend. Inst. (2025).



Case study 1: risk prediction models
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P(Y|X)X

Relevant outcome for 
the problem of interest

Relevant characteristics of the 
patient for whom we are 

making a prediction

conditional probability (“risk”) set of predictors

Any supervised learning 
method that produces 

probabilities 

Risk prediction models

MCBK 2025
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The number of risk prediction models 
is growing very fast

MCBK 2025
Arshi et al, JMIR Med Inform. 
2025;13:e62710.

• The total number of published prediction model 
development studies is estimated to exceed 270k

• An estimated 10k model development studies are 
now published every year



Arshi B, et al. JMIR Med Inform. 2025;13:e62710. 
Peek N, et al. Yearb Med Inform. 2024;33(1):103-114.

Few risk prediction models reach clinical practice



Taylor et al, BMJ Health & Care Informatics 2026;33(1):e101896.

Overly complex outputs

End-users lack knowledge 
and skills

Common diffusion challenges for prediction models



Taylor et al, BMJ Health & Care Informatics 2026;33(1):e101896.
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End-users lack knowledge 
and skills

Common diffusion challenges for prediction models



Taylor et al, BMJ Health & Care Informatics 2026;33(1):e101896.

Overly complex outputs

End-users lack knowledge 
and skills

Common diffusion challenges for prediction models

Care need unclear

• Complex, opaque procedures
• Need for legal manufacturer

• Unclear liability risks

No maintenance after 
academic grant ends



Hickey et al.  Eur J Cardiothorac Surg. 2013;43(6):1146-52.

Risk prediction models become outdated over time

• Calibration drift: there are 
constantly changes to 
populations, treatments, and 
clinical pathways

• As a result, prediction models 
become outdated over time, 
even when initially accurate



Jenkins D, et al. Diagn Progn Res. 2021;5(1):1.

Learning prediction systems

• Prediction models need 
constant surveillance to 
maintain adequate predictive 
performance

• Validation then becomes a 
continuous rather than a 
discrete effort

• Model revisions may be 
granular or more radical



• Provision of cardiovascular risk information to 
physicians increased prescribing of 
cholesterol-lowering and blood pressure 
medication

• Greatest effects were seen in patients with 
high risk (>20%)

• Provision of risk information to patients 
improved their risk perception but had little 
effect on prescribing or lifestyle

Usher-Smith JA, et al. BMJ Open 2015;5:e008717.

Risk prediction tools have a modest effect 
on clinical decision making



Usher-Smith JA, et al., Lancet Primary Care 2026, https://doi.org/10.1016/j.lanprc.2026.100199.

Resolving barriers for risk prediction: 
4 conditions

Early co-production and 
cross-sector alignment

A shared deployment 
infrastructure

A fit-for-purpose 
regulatory pathway

Shared liability and 
sustainable funding

Dr Juliet Usher-Smith 
University of Cambridge



Case study 2: AI medical scribes



AI medical scribes

Doctor: Hi [PATIENT NAME], I'm sorry to 
hear that you've been having a 
flare-up of your rheumatoid 
arthritis. How are you feeling 
today?

Patient: Not too good, doctor. The pain in 
my joints is really bad, and I'm 
having trouble sleeping. I've also 
been feeling more tired than usual.

Doctor: I understand. It sounds like your 
symptoms have gotten worse since 
our last appointment.

Patient: Yes, they have. I've been taking 
the medication you prescribed, but 
it's not helping as much as it used 
to.

Doctor: I see. Well, I think it's time to try a 
different medication. I'm going to 
prescribe you Humira. It's a newer 
medication that's been shown to be 
effective for rheumatoid arthritis.

Patient: Okay, I'll try it.
Doctor: Great. I want you to come back in 

a few weeks so we can see how 
you're doing.

Patient: Okay, thank you, doctor.

12/03/2025 Presented with 
flare-up of RA (joint pain, 
sleeping problems, and 
fatigue). Current medication 
(Maxtrex) not providing 
adequate relief. Decided to 
change medication to 
Humira and schedule a 
follow-up appointment in a 
few weeks.

transcript
AI summary for 
clinical notes

clinical consultation
digital audio 

recording



Many, many, many commercial AI scribes
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Policymakers are endorsing AI scribes to 
increase healthcare productivity 



Tierney AA et al. NEJM Catal Innov Care Deliv 2024;5(3).
Van Linschoten R, et al., NPJ Digit Med. 2026;9(1):299.
Lukac PJ et al. NEJM AI 2025;2(12).

• Permanente Medical Group: large implementation of AI scribes, estimated time 
savings of 18s per appointment

• In a Dutch study in primary care, clinical documentation time was reduced by 
43s per consultation, while total consultation time did not change

• Lukac et al. three-arm RCT in 238 outpatient physicians (14 specialties): 
Nabla reduced documentation time by 41s (9.5%) while DAX Copilot did not 
impact documentation time

 

AI scribes may achieve a modest time saving, but 
perhaps not enough to increase productivity



• AI scribing lessened the cognitive burden 
during consultations

• GPs were able to look at patients more during 
consultations

• AI scribe output often needed correction, 
including errors, duplication or irrelevant detail

• AI scribe output lacks visible clinical reasoning

• Several GPs reported finding it harder to recall 
patients later when relying on AI scribing

I don’t have to focus on getting 
the typing right and I am able to 

really concentrate on what 
[patients] are saying to me. 

(GP45)

Clinician experiences (general practice)

I look back at my own notes from 
[…] six weeks ago, I think, oh, I 

don’t remember seeing that 
patient. (GP07)

Kuberska K., et al. Manuscript in preparation.



AI 
scribes

Time &
productivity

Patient-
clinician 

interaction

Quality of 
documentation 

and patient 
safety

Clinical 
reasoning and 

recollection

Skill erosionJob satisfaction 
and clinician 

burnout

All new tech has 
anticipated and 
unanticipated 
consequences

Eccles A, et al. BMJ. 2025;390:e085754. 
Peek N, et al. BMJ Digit Health AI. 2026;2(1):e000039. 

anticipated

unanticipated



Diffusion and the “value intersect”



• For disruptive technologies, diffusion requires changes to the structure of organisations, as 
well as to social norms and laws.

• Diffusion is therefore limited by the speed of human, organisational, and institutional change.

• AI diffusion in safety-critical areas is slow, because the innovation-diffusion feedback loop in 
those areas is slow. 

The innovation-diffusion feedback loop

Narayanan, A. & Kapoor, S. AI as Normal Technology, 25-09 Knight First Amend. Inst. (2025).



Prof Enrico Coiera
Macquarie University

1. Coordinate to stop duplicated effort
2. Share "last mile" knowledge so each organisation 

doesn't reinvent it
3. Use beacon sites as a diffusion engine
4. Shift regulation from "certify once" to lifecycle 

oversight
5. Generate evidence faster
6. Remove friction for local industry and build 

leadership capacity

Speeding things up



4-9 years:
• 2017: Transformer architecture
• 2018: Large-scale language pre-training (BERT, GPT)
• 2020: AlphaFold
• 2021: Foundation models
• 2022: ChatGPT
• 2024: AI medical scribes
• 2025: Agentic AI

The RCT-AI timeline mismatch



Dr Jennifer Dixon DBE
The Health Foundation

"We need innovations in the process and methods of 
evaluation and assurance [of healthcare technology]. 

[This] must include using credible, standardised 
methods to test higher volumes of technologies like AI 
faster, better, more transparently – at scale and under 
real-world conditions, but initially where the context is 

more favourable."



Reducing waste with the “value intersect”

what AI 
can do

what 
healthcare 

needs

what the 
system is 
ready for

Prof Alastair Denniston
University of Birmingham

the “value intersect”



Joanna Maciejewska

“I want AI to do my laundry and 
dishes so that I can do art and 
writing, not for AI to do my art 
and writing so that I can do my 
laundry and dishes."



“So-so technology”
• Displaces human workers, instead of 

augmenting them to create new kinds of 
valuable work.

• Tends to shift work from employees to 
customers and degrade service quality 
while saving only modest costs. 

• Well-known examples are self-checkout 
kiosks and automated customer-service 
phone lines.

• Neither unavoidable nor an inherent 
property of any technology.

Acemoglu, D., & Johnson, S. (2023). Power and progress: Our 100-
year struggle over technology and prosperity. New York: PublicAffairs.



What should healthcare AI regulation look like?



ü AI as normal healthcare technology

ü Two case studies: 
ü risk prediction models
ü AI medical scribes

ü Diffusion and the “value intersect”

This talk



• AI is not fundamentally different from other transformative, general-purpose 
technologies that preceded it (such as electricity and the internet).

• Diffusion and impact of AI are realised through human, organisational, and 
institutional change.

• Understanding and controlling the innovation-diffusion feedback loop is key.

• Diffusion is inherently slow in healthcare, for good reasons, but often slower 
than it needs to be.

Summary



1. Start from the need, not the technology. Design innovations together with 
patients and clinicians, and choose augmentation over displacement.

2. Plan and budget for the whole lifecycle from the start, involving all relevant 
stakeholders.

3. Build continuous evaluation into real-world deployment, and monitor both 
anticipated and unanticipated consequences.

4. Share infrastructure and learning nationally, preventing that every region, 
hospital and practice needs to reinvent the "last mile".

Making AI normal healthcare technology: 
Four recommendations
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Further reading: Some recent papers
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2026;394:e100390. 

Peek N, Woodward M, Zielinski L, Goldstone R, et al. Does ambient voice technology in healthcare really save 
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