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Sundheds-Al har et stort potentiale!
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Evidence: High-quality data and efficiently labeling strategy is
key

More data is better, but there is diminishing returns beyond a certain level

Figure 4. Model Performance for Detection of Diabetic Retinopathy and All-Cause Referable Diabetic Retinopathy as a Function of the Number
of Images and Grades Used in the Development Set
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Data arbejde - strategier og infrastruktur
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HCI - menneske-centreret Al forskning og udvikling

Scouting Simulering Participatory design
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Main determimants of health risk in the US

McGinnis et al, fra 2002 har kigget pa tilfee Ide af “for tidlig
ded” og klassificeret dem 1fem hovedgrupper
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Kilde: McGinnis et al. 2002. Health Affairs



Revideret Altarget, f.eks.sundhed +adfaerd

Hvad med bade at indteenke det
medicinske og det adfeerdsmaessige?

Eksempel: SimulARDA, Al kan levere
svar gjeblikkeligt. Vil det kunne
udnyttes til ogsa eendre patienternes
adfeerd?

Jal!

a) Mere end 4 gange sa mange falger
op pa screening

a) [kommende studie] X gange
sa mange mader op til screening

FIGURE 3

Comparison of the Adherence Rates for Patients with 1-Month Referrals
in the Intervention Period (April to December 2019) with a Historical
Baseline (2017)

Of the 85 patients who received a recommendation for a follow-up with an eye specialist within 1 month,
28% presented in the ophthalmology clinic within 1 month (the recommended time frame). By 2 months,
69% had presented, and, by 3 months, 72% had presented. The corresponding metrics for the baseline
period were 6% within 1 month, 20% within 2 months, and 35% within 3 months.
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Source: The authors
NEJM Catalyst (catalystnejm.org) © Massachusetts Medical Society

Redesigning Clinical Pathways for Immediate Diabetic Retinopathy Screening Results
Pedersen, E.R., Cuadros, J.,Khan, M., Fleischmann, S., Wolff, G., Hammel, N., Liu, Y. & Leung, G., NEJM
Catalyst Innovations in Care Delivery 2021; 08



https://catalyst.nejm.org/doi/abs/10.1056/CAT.21.0096
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