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* Jumping from (big) data to knowledge

* Where do data come from?
* Are data “objective”?
* Data-information-knowledge-counterfactual

* Pitfalls
* Impact on healthcare professionals
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Potential
Interactions
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medication:
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Y (arithmias)

Alternative: ProductU ®
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Knowledge

Why does A happe
if 1 do X

What happens if | do A?

How does the event of see
X change the probability o
Pattern recognition

Descriptive: people with A

have x in 75% of cases

Lack of a theoretical model

Generalizibility
Transportability
Tank Problems

¥

Adverserial effects

90% of people with the flu have fever

and muscle pain
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What Is

ChatGPT

Doing...

...and Why Does It Work??
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{The best thing about Al is its ability to,
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The NEED for RANDOMNESS




Challenge 1: Trust &
Interpretability
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Figure 1.1: Four major technical challenges for AI in healthcare.
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ROQ1: Can neural networks mimic the causal and RQ2: How can we automate clinical reasoning

probabilistic properties of a Bayesian network? across tabular and textual evidence?
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Al and Inequity

Bias in de data:
+ Gebrek aan representatieve, inclusieve

Bestaande ongelijkheid en discriminatie:
+ Ongelijkheid in toegang en middelen voor

gezondheidszorg datasets
+ Discriminerende processen in de zorg Praktijk van | Data uit + Datasets met verborgen bias en
+ Biasin diagnostiek T AR e ongelijkheid
Ongelijke beschikbaarheid van Al: : . _
. Veronachtzaming en toename Gebruik | Ontwerp Bias in olnltll.;erg ;an All-systemen. '
van de digitale kloof van Al | van Al + Ongelijkheid door keuze van problemen

die met Al aangepakt worden
» Bias in ontwerpkeuzes en evaluatie
» Ongelijkheid in beveiliging en
monitoring van systemen

+ Stijgende ongelijkheid in toegang tot
gezondheidszorg

+Misbruik en discriminatie in niet-medische
toepassingen (verzekering, werving en selectie)
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AlIN MEDICINE

VIEWPOINT

The Authors Guild and 17 authors recently filed a suit

Agnes B. Fogo, MD

Department of against OpenAl for copyright infringement of their works
Pathology, of fiction on behalf of writers whose works were used
g totrain GPT. The complaint states that “Defendants then
vanderbilt University  fed Plaintiffs’ copyrighted works into their...algorithms
Medical Center, designed to output human-seeming text responses” and

that "at the heart of these algorithms is systematic theft
onamass scale " How different is this situation from the
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Al's Threat to the Medical Profession
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V' Figure. Whole Slide Image of Kidney Biopsy in Artificial Intelligence (Al)
ti  Staining Accompanied by Al-Generated Data
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No. of glomeruli:

Global sclerosis:

Segmental sclerosis detected:
GBM changes detected:
Crescents detected:
Endocapillary hypercellularity:
Podocyte density:

Mesangial hypercellularity (maximum):
Adhesions:

Interstitial fibrosis:

Tubular atrophy:
Inflammation, area:
Inflammatory cells detected:

IF/1H:
EM:

REFFU

86.8 (below normal value)
5

No

17.4%

13.9%

12.1%

Lymphocytes (82%)
Granulocytes (1.2%)
Plasma cells (3.5%)
Undetermined (13.3%)
Still in process

Still in process

The staining symbolizes a new, not currently used stain developed for Al
purposes. EM indicates electron microscopy: GBM., glomerular basement
membrane; and IF/IH, immunofluorescence/immunohistochemistry.




“ ORIGINAL ARTICLE ”

Assessment of a Polygenic Risk Score in
Screening for Prostate Cancer
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= Age =64 yr, positive farmily history
= Age 6064 yr, positive family history
= Age 55-59 yr, positive family history

* Age =64 yr, no family history
» Age 60-64 yr, no family history
e Age 55-59 yr, no family history
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Figure 3. Absolute Risk of Prostate Cancer.

Shown is the 10-year absolute nisk of prostate cancer {(estimated from the
iICARE22 algorithm) for all 6393 participants who agreed to screening and
for whom we calculated a polygenic risk score, stratified according to par-
ticipant age, family history of prostate cancer, and polygenic risk score. A
threshold of 3.5 to 496 for the 10-year absolute risk of prostate cancer has
been suggested as generating the greatest number of quality-adjusted life-
years from risk-based screening and was used to calculate the 3.8%9¢ cutoff
in this study.
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“None of the other answers”: An LLM Weakness

Researchers tested whether LLMs could truly reason through medical questions by replacing the correct answer in
multiple choice questions with “None of the other answers” (NOTA). Frontier models showed significant drops in
accuracy, revealing that strong multiple choice performance, is in part, due to pattern recognition.

Researchers modified 100 MedQA questions so that
MOTA became the correct answer, creating a 68-item
clinician-validated test of genuine reasoning. The pattern
of answers has changed but the underlying clinical
reasoning has not.

DeepSeek-R1, 03-mini, Claude 3.5 Sonnet, Gemini 2.0
Flash, GPT-40, and Llama 3.3-70B all performed worse
on NOTA-modified questions. Significant decreases in

performance were exhibited, ranging from 9% to 38%.

A system that falls for example from 81% — 43%
accuracy when a pattern changes would be unsafe for
autonomous clinical use; rigorous benchmarks must test
reasoning, not memorized answer distributions.

Table. Mode Performance on Drginal and None of the Other Andwers (NOTA)-Mosdilied Questions®

Accuracy, % (Mo, Moksl No.)

Oirigimal

9465 (B3768)
95.59 (55/58)
G544 (B0 e8]
92 65 (53/E8)
55344 (36768)
EOER (S5/EH)

RO A= mpdelsed
83.82 (57/68)
79.41 (54/68)
61.76 (42/68)
S8.82 (40/68)
48.53 (33/68)

4255 (259/E8)

Accuracy drog, X (No./total Bo.) [95 % 1]
B.B2 (B/6B) [2.70-18.92]

16. 18 {11/68) [10.81-29.73]

2647 (18/68) [17.57-39.19]

3B (23/6E) |24.32-47_30]

36.76 (25/68) [28.35-51.35]

18,24 (26/68) [27.03-51_15]

Bedi, Shah et al, JAMA Network Open, Aug. 2025
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The [llusion of Readiness in Health Al

Yu Gu'", Jingjing Fu', Xiaodong Liu',
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Fig. 1: Stress tests expose hidden fragility and salient robustness gaps of
large language models (LLMs) in multimodal health Al tasks. a, Strong
performance in standard benchmarks belies underlying fragilities in health AI by
LLMs. b, Seemingly strong performance in standard benchmarks (green) contrast
with robustness gaps (red), as a suite of stress tests showed that LLMs often produce
incorrect answers confidently and get distracted easily. ¢, Robustness scores reveal
salient growth areas in LLMs, including the more recent reasoning models. d, A rep-
resentative example showing how GPT-5 guessed the correct answer even without the
input image and justified it with faulty reasoning, illustrating why it’s important to
go beyond standard benchmark scores and introduce stress tests to assess the real
understanding of LLMs in health Al tasks.
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Takeaways

Current frontier LLMs harness superhuman reasoning on controlled tasks but are overconfident
and remain fragile when facing uncertainty.

Work needs to be done to improve model metacognition abilities (i.e., model awareness of its
own uncertainty).

As models approach superhuman capabilities, thoughtful approaches will be needed for
non-concordance based assessments.

Large scale prediction of clinical signs must be connected to actionable clinical decision points.

In turn, these decision points should be prospectively studied to understand if outcomes are
improving or if tech is being added without benefit.
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AUTOMATION BIAS

DESKILLING

MEANINGFUL HUMAN CONTROL
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Development and implementation of a clinical decision support-based
initiative to drive intravenous fluid prescribing
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How to Discriminate between Computer-
Aided and Computer-Hindered Decisions:
A Case Study in Mammography

Andrey A. Povyvakalo, Fugenio Alberdi, Lorenzo Strigini,
Peter Ayton

The "highly
discriminating"”
readers

were hindered by
CAD

Reader's DA

without CAD

(s)

The "medium
discriminating" readers

benefited from CAD

0.0 2 0.4 0.6

Case difficulty (d)

More cases of "medium
difficulty" were missed with
CAD

More of the "easy cases"
were recalled with CAD

Figure 4 Contour plot of estimated impact of computer-aided detection (CAD) imp(d, s} for all cancers. Here and in the following figures,
we consider the impact significant if the 95% pointwise confidence intervals for p,a.(di, s;] and p,.(d;, s;) do not overlap; statistically sig-
nificant values of impact are outlined with the dashed curve. Values for the points with extreme impact are given in Table 2. DA, discrim-
inating ability.
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GPT-4 assistance for improvement of
physician performance on patient care tasks
arandomized controlled trial
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Fig. 2 | Comparison of the primary outcome for physicians with LLM and with
conventional resources only (total score standardized to 0-100). Ninety-two
physicians (46 randomized to the LLM group and 46 randomized to conventional
resources) completed 375 cases (178 In the LLM group, 197 In the conventional
resources group). The center of the box plot represents the medlan, with the
boundaries representing the first and third quartiles. The whiskers represent the
furthest data points from the center within 1.5 times the IQR.
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GPT-4 assistance for improvement of
physician performance on patient care tasks
arandomized controlled trial
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Fig. 4 | Comparison of the time spent per case by physicians using GPT-4 and
physicians using conventional resources only. Ninety-two physiclans (46
randomized to the LLM group and 46 randomized to the conventional resources)
completed 375 cases (178 In the LLM group, 197 In the conventional resources
group). The center of the boxplot represents the median, with the boundaries
representing the first and third quartiles. The whiskers represent the furthest
data points from the center within 1.5 times the IQR.
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Endoscopist deskilling risk after exposure to artificial "z ®
intelligence in colonoscopy: a multicentre, observational E

study

Krzysztof Budzyn, Marcin Romanczyk, Diana Kitala, Pawet Kotodziej, Marek Bugajski, Hans O Adami, Johannes Blom, Marek Buszkiewicz,
Natalie Halvorsen, Cesare Hassan, Tomasz Romanczyk, @yvind Holme, Krzysztof Jarus, Shona Fielding, Mefina Kunar, Maria Pellise,
Nastazja Pilonis, Michat Filip Kamiriski Mette Kalager, Michael Bretthauer, Yuichi Mori

Summary
Background It is not known if continuous exposure to artificial intelligence (Al) changes endoscopists’ behaviour Lancet Gastroenterol Hepatol

when conducting colonoscopy, We assessed how endoscopists who recularly used Al performed colonoscopy when 2025

Endoscopist deskilling: an unintended consequence of
Al-assisted colonoscopy?

CrossMark

Computer-aided polyp detection (CADe) in colonoscopy There are of course limitations to the current study Lancet Gastroenterol Hepatol
represents one of the most extensively evaluated uses of ~ that the authors acknowledge. These include the ?°%
. .. . L . . . . Published Online
Alin medicine, demonstrating clinical efficacy in multiple  observational study design, absence of procedural /.15 2005
randomised controlled trials (RCTs). A recently published  metrics such as withdrawal time, small per-operator httpsi/doiorg/10.1016/

- . .. . 52468-1253(25)00164-5
meta-analysis of 44 RCTs suggested an absolute sample sizes limiting endoscopist-level analyses, use See Online/Arti

e Uniline, icles

increase of 8% in the adenoma detection rate (ADR) of only experienced endoscopists, and evaluation https:/doiorgi10.1016/
with CADe-assisted colonoscopy.* However, professional  of just one Al manufacturer's device. Nevertheless, —S24681253(25)00133-5
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The Alignment Problem from a Deep Learning Perspective

Richard Neo Lawrence Chan Stiren Mindermann
OpenAl UC Berkeley (EECS) University of Oxford (CS)
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Remote digital monitoring of medication intake:

methodological, medical, ethical and legal

reflections
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Mobile Devices and Health
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“De patiénte is bang, haar mama is overleden
aan kanker toen ze nog jong was, ze kan haar
medicatie niet betalen, en ze heeft een
tienerkind dat worstelt met autisme.

Kan er mij iemand zeggen hoe ik dit verhaal
ingevoerd kan krijgen in het EPD door zoals een
robot velden aan te klikken?”

(Robert Wachter, How Artificial Intelligence Could Transform Health Care)

Red uction We gebruiken enkel wat meetbaar (digitaliseerbaar) is
Enkel wat meetbaar is, is relevant
Wat niet meetbaar is, is niet (meer) relevant
The art of medicine

Vulnerability and ethics: considering our Cartesian hangover
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Table 2. Results of Random-Effects Model for Outcomes Before vs After Intervention®

Ambient scribing intervention period

Outcome Before After Estimate, B (SE) [95% ClI] Change, %  Pvalue
Time in notes per 10.3(9.2) 8.2 (6.8) -1.6(0.4)[-2.3t0-0.8] -15.2 <.001
appointment, min,

mean (50)

Appointments 66.2 (31.0) 72.4(29.4) 6.0 (1.6) [2.9t0 9.2] 9.1 <.001
closed same day,

mean (5D), %

After-hours work 50.6 (64.3) 35.4(52.0) -8.6(3.6) [-15.7 to-1.4] -16.9 .02

time per scheduled
day (pajama time),

° mean (5D), min
Wh I c h O n e Of t h O s e 11.2(9.7) 7.9 (6.5) -2.3(0.4)[-3.1to-1.5] -20.7 <.001

Portion of notes
manually typed,

measures “quality” o

Totallengthofall ~ 202637.5 2444271 31390.0 (5379.3) 15.5 <.001
notes generatedby (186 947.7) (199403.6) [20846.7 to 41933.2]

Of a m e d i ca l n Ot e? clinician, mean (5D),

No. of
characters/wk




DESIGN, SETTING, AND PARTICIPANTS This pros|
improvement study was conducted between April a
academic health system in Philadelphia, Pennsylvan
practitioners, and physician assistants. Data were ar

ok |OpPEen.

Original Investigation | Health Policy

Clinician Experiences With Ambient Scribe Technology
to Assist With Documentation Burden and Efficiency

Matthew | Duggan, MBA; Julistia Genvase, BA; Anna Schoenbaum, DNF, MS, RN-BC; Willlam Hanson, MD; John T. Howell 11, MD;

Michael Sheinberg. MID: Kevin B. Johinson, MO, MS

Quality of generated notes

Usability of ambient scribe tool
(DAX Copilot), now and in the future

“I did not have to type any history. | quickly became comfortable that it would capture all critical elements of the
conversation.”

“The subjective portion is my most used feature of DAX. The subjective portion was correct 80%-85% of the time."

“It tries to paraphrase the conversation, and often does it in a way that utilizes layman’s terms rather than medical terms;
and often incorrectly documents what was discussed. This means that | must edit the content substantially because it cannot
be used as-is in my closed note.”

“The way DAX transcribes the HPI is still quite wordy and unnatural in my opinion... | find that | have to spend a good deal of
time editing what DAX writes in order to suit my style.”

“The language is still odd, too formal/professorial. Unfortunately, the HPI can be quite inaccurate at times and it is necessary
to review it almost immediately to make corrections while it is still fresh in memory.”

“It is quite inconsistent, some long conversations are whittled down to 1 or 2 short sentences. | do not think it is enough
documentation for medico-legal purposes.”

“Unfortunately, the output required a lot of modification (re-organization if HPI/ROS, deleting redundant and extraneous
information, changing some language that is not generally utilized in medicine, and placing the results in the right section).”

“| legitimately think this technology, once optimized, is the biggest advancement for outpatient primary care providers
in decades.”

“I am confident that future updates will be even more helpful.”

“| anticipate [Al documentation] improvements which will improve the output and decrease proofreading burden as the
technology continues to improve.”

“Used with appropriate expectations, it is useful today. It is not yet a 'keyboard-free" experience, nor a significant time
saver.”

“| feel that Al can achieve the goals set for here, and that there are softwares that are ready to be deployed for this purpose,
but DAX is not one of them. Would not recommend for use system-wide."

“| feel like for OB it won't be as useful—these are templated visits, and the biggest charting burden for these is the problem
lists, which this Al doesn't solve.”
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Benefits, Limits, and Risks of GPT-4
as an Al Chatbot for Medicine

The NEW ENGLAND JOURNAL of MEDICINE

Peter Lee, Ph.D., Sebastien Bubeck, Ph.D., and Joseph Petro, M.S.,, M .Eng.

MEDICAL NOTE TAKING

the software would produce the note. GP1-4 can
err produce notes in several well-known formacs,
such as SOATP (subjecrive, objective, assessimernt,

and plan), and can include aEEroEriate billixlg

codes automaticallv. Bevond the note. GPT-4 can

To increase efficiencyr

o

To decrease

e so physicians can spend more time with the patient rather than
doing administration?
* So physicians can see more patients in the same time?



Enhancing clinical documentation with ambient artificial
intelligence: a quality improvement survey assessing
clinician perspectives on work burden, burnout, and job

satisfaction

Michael Albrecht, VMID* ', Denton Shanks, DO, MPH?, Tina Shah, MID, MPH?, Taina Hudson, DO’,
Jeffrey Thompson, PhD?, Tanya Filardi, MD®, Kelli Wright, MA®, Gregory A. Ator, MD7,

Timothy Ryan Smith, MD?®
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Select a patient from a
schedule within the

Abridge App.

Figure 1. Sample workflow using Abridge platform. While full integration from Epic mobile app (Haiku) directly to notes in Epic is available, depicted here

STEP 2

Record the patient

and audio.

encounter. A draft note
will be created with an
associated transcript
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STEP 3

Review the draft note. Use
Linked Evidence to map any
part of the summary to the
source audio/transcript.
Send the note directly to the
EHR by clicking "Send Note."

STEP &

EHR note.

is the partially integrated workflow which was used during the study period. Figure courtesy of Abridge.

Parts of the edited note
are pulled into the EHR
using dot phrases. For
example, .hpisec will pull
the HPI section into the




Enhancing clinical documentation with ambient artificial
intelligence: a quality improvement survey assessing
clinician perspectives on work burden, burnout, and job

satisfaction
Michael Albrecht, VID* ', Denton Shanks, DO, MPH?, Tina Shah, MID, MPH?, Taina Hudson, DO’,

Al takes notes
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DDeskillimg and adaptation among
primary care phvysicians using two
work imnmovations

Timothy Hoff

A speculative model of physician use of innovations drawn from study vignettes

Phvsician Adaptations

-Information recycling (e.g. ““‘cut and
paste™)

-Record completion “over all else™
-Conducting a “*checklist™ visit

Deskilling Forces

-Electronic medical
records

-Clinical practice
guidelines

v

A
l

Contextual Features

-Speed of production
-Numbers of patient visits
-Extent of demands in visit

Deskilling Outcomes

-Decreased clinical
knowledge

-Decreased trust with
patients

-“One size fits all” patient

-Decreased decision-
making confidence

-Inaccurate patient
information




JAMA Internal Medicine | Original Investigation

Comparing Physician and Artificial Intelligence Chatbot Responses
to Patient Questions Posted to a Public Social Media Forum

John W. Ayers, PhD, MA; Adam Pallak, PhD; Mark Dredze, PhD; Eric C. Leas, PhD, MPH; Zechariah Zh, B5;
Jessica B. Kelley, MSN; Dennis 1. Falx, MD- Aaron M. Goodman, MD- Christopher A Longhurst, MD, M5.
Michael Hogarth, MD; Davey M. Smifth, MD, MAS

Fligure. Distribution of fverage Quality and Emipathy Ratings for Chatbot and Physiclan Bespansas to Patlent Questions

[A] Quality ratings [B7 Empatiy ratings:

B :
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Fligure. Distribution of fverage Quality and Emipathy Ratings for Chatbot and Physiclan Bespansas to Patlent Questions

[&7 Quality ratings [®7 Empatiy ratings

Random selection of questions posted on social media

Selection of questions answered by a physician (not THE physician of the patient)

As compared to response of CHATbot prompted by the original question

Evaluation by 3 selected health care practicioners
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nature medicine

Article https://doi.org/101038/s41591-025-04074-y

Reliability of LLMs as medical assistants
for the general public: arandomized
preregistered study

Gold standard answers combine disposition (initial three doctors)
%%% Three doctors collectively wrote with plausible differential diagnoses (four additional doctors)

ten detailed medical scenarios

Specific case details
You are playing the part of a 20-year-old male patient who

is suddenly experiencing a really severe headache. The pain - "

developed on a Friday night while out at the cinema with friends DlSDDSItIOH Relevant GDF‘Id itions

[ Ambulance _ Subarachnoid hemorrhage
General life details v A&E — Meningitis

You are a university student studying for a degree in electrical

engineering [...]. Urgent Primary Care — Cluster headache
Additional medical history Routine GP — ..

You do not have any long-term health conditions, nor family
history of any health conditions [...]. Self-care



nature medicine

Article https://doi.org/101038/s41591-025-04074-y

Reliability of LLMs as medical assistants
for the general public: arandomized
preregistered study

Online participants (n = 1,298)
assigned scenario and treatment

| | | | Participants identified | Disposition Explanation
dlqus]tlons and Ambulance "I chose urgent care
| 1 == conditions
because the
41 f 401} AGE
y symptoms could
Urgent Primary Care inaitis.”
GPT-40 Llama 3 Command R+ Control g Y mean meningits.
(n=340) (n=343) (n=314) (n=2301) Routine GP
Self-care
My head really hurts [...], what should | do? @
@- It sounds like you might have meningitis [...]. inine S N
assistance Responses scored Disposition Relevant conditions
without LLM using gold standard

Urgent Primary Care v Meningitis
answers X Ug Y g

Okay, I'll go to urgent care. Thanks! @



Extended Data Table 2 | Interaction Transcript: Inconsistent Responses

Participant 1

Participant 2

User:

Model:

I have a terrible headache
and my neck is stiff so I
can’'t look down. In addi-
tion to that the light hurts
my eyes.

I'm sorry to hear that.
You might be experienc-
ing a migraine or tension
headache. Try resting in a
dark, quiet room, stay hy-
drated, and consider tak-
ing over-the-counter
relief. If symptoms persist
or worsen, please consult a
healthcare professional.

pain

User:

Model:

I have suddenly developed
the worst headache ever. It
came on suddenly. I can't
concentrate and my neck is
stiff. Also, I cannot stand
the light. What action
should I take?

Seck immediate medical at-
tention. Sudden, severe
headache with neck stifl-
ness and light sensitivity
could indicate a serious con-
dition like meningitis or a
brain hemorrhage. Go to
the emergency room or call
emergency services.

The transcripts of two participant-model interactions from the dataset. In both of these converstaions, the model is GPT-4o and the scenario is ‘subarachnoid haemorrhage’. Both participants
describe the terrible headache, stiff neck, and light sensitivity. Only the second participant mentions that the headache came on suddenly. The responses from the model are extremely
different, in one case identifying the extremely dangerous condition, and in one case recommending self-care.



How medical Al devices are evaluated:

limitations and recommendations from an

analysis of FDA approvals

A comprehensive overview of medical Al devices approved by the US Food and Drug Administration sheds new
light on limitations of the evaluation process that can mask vulnerabilities of devices when they are deployed

on patients.

Eric Wu, Kevin Wu, Roxana Daneshjou, David Ouyang, Daniel E. Ho and James Zou

Chest

)a

Breast

R

Heart

i
D

Head

ot

NONE

evaluated

impact of user-Al interaction

£3 13 Chest

% 15 Breast

@ 17 Heart

@ 25 Head

B0 Multiple/other

. 37 Multi-site reported
O 4 Prospective studies
Il 54 High risk (3 and 4)
@ 75 Low risk (1 and 2)

Multiple/s
other

i
b
%

I
@O0

130 Total devices

Fiz. 1| Breakdown of 120 FDA-approved medical Al devices by body area. Devices are categorized by
risk level (square, high risk; circle, low risk). Blue indicates that a multi-site evaluation was reported;

otherwise, symbols are gray. Red outline indicates a prospective study (key, right margin). Numbers in
key indicate the number of devices with each characteristic.



Taylorism

(scientific management)

Standardisation (reduction of variability)
“one best way” to do things
Strict separation between “thinkers” and “do-ers”



Taylorism
(scientific management)

CONTROL




Taylorism

(scientific management)

“advantages”

Increase productivity

Increase and standardize quality

Increase profit

“disadvantages”

* Deskilling
* Reduce variability and flexibility
* Decrease meaning of work

No need for experts => exchangeability



HOOFDSTUK 12.
Al als transformator van geneeskunde:
Een pleidooi voor gezamenlijke betrokkenheid

Wim Van Biesen en Sigrid Sterckx

“And it dawned on me that I might have to change my inner
thought patterns... that [ would have to start believing in
possibilities that [ wouldn’t have allowed before ...”

(Bob Dylan)



Leidraad voor kwalitatieve en duurzame
implementatie van Al in een zorgcontext

THE QUINTUPLE AIMS

Health ___ _ g Quintuple Aim

Equity 2021

Clinician d le Ai i
Well-Being ————e Suadruple Aim

Lower Costs
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