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Al system as good as experts at
Al 'outperforms’' doctors diagnosing | igg‘e’gpclﬁlelg skin cancers, say
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Deep learning-based system could be further developed for
smartph increasing access to screening and aiding early
detection of cancers
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NHS uses Al scan to detect hidden
' heart disease
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Tumours missed by 6 clinicians
Detected by the Al tool




5000

4000

3000

2000

1000

Published Al / Radiomics Studies

2026

Al/Radiomics published studies

pulmonary local liver
sociution inhibition  approach nced
combined mediated mutations melanoma  artificial bitor models
validation positive
P e induced resonance hepatocellular malignant ahaEkiiGlit
detection . diagnostic advances
following 1 mp'wm 1 leukemia lymph oncology small primary immuniodierapy
invasive myeloid molecular jmmune bone

transplantation Lllnl(./al response tumors Lolore(.ta] care oral

ery rare human ose  outcomes t negative
gas ric combination

pancreatic
disease

= hore i advanced breast features ldlemlC patient

> l]hl"llCIlL FAnGaTS

Ve e e analysis | cell

novel acute PI"L‘dlCllllg

tumor radiation peqe <

value

" romows treated ledfl’llng H‘ﬁ'l radlomlcs ]D\'”‘M deXpreSSionI”"“"“l:?g‘::m

assessment report i esophageal

neoadjuvant sy USIHg case Ct redict  metastatic
P"’lmpdu metastasis therapy CanC€rlx freatment predict

Ie\/lew is o syndrome
larg zr.ldf signature prOState ﬁ‘ patlents lung risk ZI‘T_"ZVPIK’“;“‘"X“\

experience

receptor hiomarker h l y non recurrence sene
ead = I I l thot na
i del ival cells CArCINO d al%s‘oci{{iéd locally o
phase medicine Odel SUTVIvVa o computed personalized
' omogram Tadiotherapy predlCthn imaging ] high Sgle  mewsuses
nomogram pCt PIO“HU\“(. recta & support
ovarian diagnosis utcome retrospective

St ¢ multi preoperative machine ;. e

squamous management

quantitative stage N fists adenocarcinoma n
intclligence  CNCMOtherapy levelopment Masopharyngeal cohort
glioblastoma  gastrointestinal literature development guided ’
surgery chemoradiotherapy  factors genetic

feasibility neuroendocrine




Less than of Radiomic
signatures are translated in the

clinical practice !!!




Al 2.0: Thinking beyond predictions
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Artificial intelligence ‘just as good at picking
up lung cancer as doctors’

Al programme able to accurately distinguish between benign and malignant nodules in
the lungs, new study reveals

* lack of necessary expertise needed for translating a tool into practice,
* |ack of funding available for translation,
* lack of trust

Vasey B, et al DECIDE-AI expert group. Reporting guideline for the early-stage clinical evaluation of decision support systems driven by artificial intelligence: DECIDE-AI. Nat Med. 2022;28(5):924-933.




Work / Technology & tools

“Almost all of these award-
winning models failed
miserably. That was kind of
surprising tous.”

KTSIMAGE/GETTY

The use of artificial intelligence in medicine is growing rapidly.

THE REPRODUCIBILITY ISSUES
THAT HAUNT HEALTH-CAREAI

] Health-care systems are rolling out artificial-intelligence tools for diagnosis
and monitoring. But how reliable are the models? By Emily Sohn




Sad but (sometimes) true

npj | precision oncology Comment
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All models are wrong and yours are useless:

making clinical prediction models impactful
for patients communications medicine

Explore content v  About the journal v  Publish with us v

Florian Markowetz

nature » communications medicine » articles » article

Article | Open access = Published: 11 March 2025
Low responsiveness of machine learning models to
critical or deteriorating health conditions

Tanmoy Sarkar Pias, Sharmin Afrose, Moon Das Tuli, Ipsita Hamid Trisha, Xinwei Deng, Charles B. Nemeroff

& Danfeng Daphne Yao ™

Communications Medicine 5, Article number: 62 (2025) | Cite this article

41k Accesses | 2 Citations | 400 Altmetric | Metrics




What is the trust in Al-assisted health systems

npj | health systems Perspective

3

https://doi.org/10.1038/544401-025-00016-5

Trust in Al-assisted health systems and
Al’s trust in humans (s i s )

Medical Al Tool

™| Check for updates

Madeline Sagona'?, Tinglong Dai ®%** <, Mario Macis**® & Michael Darden®*

Artificial intelligence (Al) is reshaping healthcare, promising improved diagnostics, personalized
treatments, and streamlined operations. Yet a lack of trust remains a persistent barrier to widespread
adoption. This Perspective examines the web of trust in Al-assisted healthcare systems, exploring the

relatit?nships it sha_pt;}s, tt?e systemic inequaliti‘es it c_an reinforcet andthe technical challenges it poses. Th e we b of fru si‘ be‘l‘we en key S‘I‘O ke h (@) | d ers | N Al a SS|S‘|'ed
We highlight the bidirectional nature of trust, in which both patients and providers must trust Al . . . .

systems, while these systems rely on the gquality of human input to function effectively. Using models h ed ”h care SYSTe ms ’ INC | U d | I’\g pCITIe I’\TS, pl’OVId ers ’ Al

of care-seeking behavior, we explore the potential of Al to affect patients’ decisions to seek care, .I.ec h I’]O|OgIeS, a nd heG I.I.hcare InS.I.I.I.U.I.IonS :

influence trust in healthcare providers and institutions, and affect diverse demographic and clinical
settings. We argue that addressing trust-related challenges requires rigorous empirical research,
equitable algorithm design, and shared accountability frameworks. Ultimately, Al's impact hinges not
just on technical progress but on sustaining trust, which may erode if biases persist, transparency
falters, or incentives misalign.

Sagona, Madeline, et al. "Trust in Al-assisted health systems and Al’s trust in humans." npj Health Systems 2.1 (2025): 10.




Why do we need trust between people and Al¢

Humanities & Social Sciences
Communications

Trust in Al

REVIEW ARTICLE ‘M) Check for updates |
OPEN

Trust in Al: progress, challenges, and future
directions

Al capabilities
Saleh Afroogh@ml, Ali Akbariz, Emmie Malone3, Mohammadali Kargar4 &
Hananeh Alambeigi®
Afroogh, Saleh, et al. "Trust in Al: progress, challenges, and future directions." Humanities and Social Sciences Communications 11.1 (2024): 1-30.
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RESEARCH METHODS AND REFPORTING

EEE% open access

FUTURE-AI: international consensus guideline for trustworthy
and deployable artificial intelligence in healthcare

Karim Lekzdir,™* Alejandro F Frangl™* Antonlo R Porras,” Ben Glocker® Colla Ontas,”
Curtls P Langlotz.® Bva Welcken,” Folkert W Asselbergs, ™! Fred Prior,"? Gary S Collins,
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on behalf of the FUTURE-AI Consortium
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Despite major advances in artificial
intelligence (Al) research for
healthcare, the deployment and
adoption of Al technologies remain
limited in clinical practice. This paper
describes the FUTURE-Al framewark,
which provides guidance for the
development and deployment of
trustworthy Al tools in healthcare. The
FUTURE-AI Consortium was founded in
2021 and comprises 117
interdisciplinary experts from 50
countries representing all continents,
including Al scientists, clinical
researchers, biomedical ethicists, and
social scientists. Over a two year
pariod, the FUTURE-Al guideline was

SUMMARY POINTS

Desplte major adwances In medical arfcial incelligence (AN reseanch, clinical
adoprion of emerging Al SOIEMKNG rEmaims challsngng owing 1o mived st and
ethical concems

The FUTURE Al Consortium unites 117 experts from 50 councries to defing
Internarional guldelinges for wustw orthy healhcare Al

The FUTURE Al frameworie s stnuctured arownd ste guiding principles: faimess,
uniwersality, trceatliny, wsabiling, robusmess, and explainabilivy

The guldeling a0dresses the entire Al lifecy cle, rom design and dev eopment
tovalidation and deployment, ensuring alignment with real'w orld needs and
ethical reguirements

The framework Incledes 20 detalled recommendations for bulkding ruswo iy
and deployable Al systems, emphasising mulistakeholder collaboEion
Continuaus risk assessment and mitigation are fundamental, ddressing blases,
data varlations, and ewolving challenges during the Al lifecyoie

FUTURE-AI k5 designed as a dynamic framework, which w Il evold ewich
rechnological advancements and stakeholder feedback

o) | B 2005388.0081 554 | dol: 100136 ben | 2004-DB1E4

established through consensus based
0N six guiding principles—fairness,
universality, traceability, usability,
robustness, and explainability. To
operationalisa trustworthy Al in
healthcare, a set of 30 best practices
were defined, addressing technical,
clinical, socioethical, and legal
dimensions. The recommendations
cover the entire lifecycle of healthcare
Al, from design, development, and
validation to regulation, deployment,
and monitoring.

Introduction
In the field of healiicare, aroficial neelbgence (A D—hat
i5, alporihms with the abiliy w self-leam logic—and
dara meerarmons have been increasingly nsed o develop
compuner sded models, for example, dissase disgnoss,
prognosis, predicrion of therapy response or survival,
and pagent sradficadon.’ Despie major advances, the
deployment and adopdon of AL Temain
lirmined in real world clindcal pracdce. [n recent years,
concems have been ratsed shour the rechmical, clinical,
efhial, and sociemml nsis assocawed with bealthears
AL”? In paricular, extsing reseanch has shown thar AL
wols in healthcare can be prome w emors and padent
harm, biases and inmessed health inegoalives, lack of
ransparency and acoounmbibing, aswell x= dam privacy
and securiry breaches 3

To increase adopoon in the real world, i1 essenal
thar Al wols are mased and sccepred by panents,
clinicians, health organisadons, and =wthorides
However, there is an ahsence of dear, widely accepeed
gutdelines on how healthcare Al mols showld be
desigoed, developed, evahmred, and deployed m be
rrustworniy—ihar is, iechmically robusz, climically safe,

thebmj




The journey of FUTURE-AI

FUTURE-AI: Best practices for
trustworthy Al in medicine

FUTURE-AI is an international, multi-stakeholder initiative for defining

and maintaining concrete guidelines that will facilitate the design,

development, validation and deployment of trustworthy Al splutions in
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Characteristics of Trustworthy Al
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Fairness

_ GAPS IN REPRESENTATION
populatlon fw Positive An analysis of 375 research papers on the fairness of artificial intelligence
ground truth = ::;:::”th showed a lack of ethnic and gender diversity among authors.
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https://www.nature.com/articles/d41586-023-00935-z
Ricci Lara, M.A., Echeveste, R. & Ferrante, E. Addressing fairness in artificial intelligence for medical imaging. Nat Commun 13, 4581 (2022).
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Universality
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Article ‘ Published: 01 January 2020

International evaluation of an Al system for breast
cancer screening

Scott Mayer McKinnevE, Marcin Sieniek, Varun Godbole, Jonathan Godwin, Natasha Antropova, Hutan

Ashrafian, Trevor Back, Mary Chesus, Greg S. Corrado, Ara Darzi, Mozziyar Etemadi, Florencia Garcia-

Vicente, Fiona J. Gilbert, Mark Halling-Brown, Demis Hassabis, Sunny Jansen, Alan Karthikesalingam

Christopher J. Kelly, Dominic King, Joseph R. Ledsam, David Melnick, Hormuz Mostofi, Lily Peng, Joshua Jay

Reicher, Bernardino Romera-Paredes, Richard Sidebottom, Mustafa Suleyman, Daniel Tseg, Kenneth C.
(]

Young, Jeffrey De Fauw & Shravya Shetty — Show fewer authors

Nature 577, 89-94 (2020) | Cite this article

Test datasets

Number of women
Interpretation
Screening interval
Cancer follow-up

Number of cancers

Al vs. Doctor(s)

K L2 g

€GB
25,856 3,097
Double reading Single reading
3 years 1 or 2 years
39 months 27 months
414 (1.6%) 686 (22.2%)
Equivalent Superior




Article

Traceabillity

https://dol.org/10.1038/s41467-024-46142-w

Empirical data drift detection experiments
on real-world medical imaging data

Received: 31 July 2023

Accepted: 14 February 2024
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Usabllity
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Figure 2. Current frequency of artificial intelligence use in clinical practice.




Robustness

nature
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Article ‘ Published: 01 January 2020

International evaluation of an Al system for breast
cancer screening

Scott Mayer McKinnevE, Marcin Sieniek, Varun Godbole, Jonathan Godwin, Natasha Antropova, Hutan

Ashrafian, Trevor Back, Mary Chesus, Greg S. Corrado, Ara Darzi, Mozziyar Etemadi, Florencia Garcia-

Vicente, Fiona J. Gilbert, Mark Halling-Brown, Demis Hassabis, Sunny Jansen, Alan Karthikesalingam,

Christopher J. Kelly, Dominic King, Joseph R. Ledsam, David Melnick, Hormuz Mostofi, Lily Peng, Joshua Jay

Reicher, Bernardino Romera-Paredes, Richard Sidebottom, Mustafa Suleyman, Daniel Tseg, Kenneth C.
&

Young, Jeffrey De Fauw & Shravya Shetty — Show fewer authors

Nature 577, 89-94 (2020) | Cite this article

Tumours detected by 6 clinicians
Missed by the Al tool




Computation == single linear function of

. . . . . inputs with a further single
npj dlgltﬂ' medicine www.nature.com/npjdigitalmed transformation (link) function

Example
REVIEW ARTICLE M) Check for updates Model Features == Clinical Features e——— R:;?eig%n Parameterisation =z Odds Ratio
OPEN
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Explainable artificial intelligence for mental health through oo <) [ (o)
. aqe aqs (Computational
transparency and interpretability for understandability Processes)
Dan W. Joyce'?*, Andrey Kormilitzin', Katharine A. Smith('** and Andrea Cipriani(®'>* f Y
Structure
. (Parameterisation)
Example Induction Example Abduction
Ty
Presentation
Tr (Abductive
] Reasoning)
MW=50 Psychosis M =100 Psychosis Depression L
Na Abn |
Data v = Data g i 4 e Understandable RS Explainable
el | o el |0 | s
B0% of people with Psychosis have Abnormal Beliefs
80% of people with Psychosis have Abnormal Beliefs 10% of people with Depression have Abnormal Beliefs
Reliable Valid
An individual x has Psychosis An individual x has Abnormal Beliefs
Therefore, the probability that x has Abnormal Beliefs = 0.8 The probability of Psychosis given Abnormal Beliefs = 0.89

The probability of Depression given Abnormal Beliefs = 0,11 .

T

Therefore, the diagnosis that best accounts for x having Abnormal Beliefs is

Psychosis Model Diagnostics | Performance Metrics

Joyce, D.W., Kormilitzin, A., Smith, K.A. et al. Explainable artificial intelligence for mental health through
fransparency and interpretability for understandability. npj Digit. Med. 6, 6 (2023).




Characteristics of Trustworthy Al
Based on ethical principles and fundamental rights:

FAIRNESS

UNIVERSALITY

TRACEABILITY

USABILITY

ROBUSTNESS

EXPLAINABILITY

NI

Right to non-discrimination
Right to equity

Right to accountability
Right fo autonomy

Right to safety

Right to tfransparency




Characteristics of Trustworthy Al

| Clstenotrequiements | Core principle_
n Diversity, Inclusiveness, Non-discrimination, Bias, Equity Fairness
n Generalisability, Adaptability, Interoperability, Applicability Universality
n Transparency, Monitoring, Auditing, Accountability Traceability
n Human-centred Al, User engagement, Accessibility, Efficiency Usability
Reliability, Resilience, Safety, Security Robustness
Interpretability, Understandability, Transparency Explainability
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RESEARCH METHODS AND REPORTING

Table 2 | List of FUTURE-Al recommendations, together with the expected compliance for both research and deployable
artificial intelligence (Al) tools (+: recommended, ++: highly recommended)

rng

Recommendations Research Deployable =

Fairness E

1. Define gnw,r poterltial so.urc.e*;» of bi.-las from an ear!y stage ++ ++ E AL USABLE ROBUST EXPLAINABLE
2. Collect information on individuals' and data attributes + + g

3. Evaluate potential biases and, when needed, bias correction measures + -+ g .

Universality g_

1. Define intended clinical settings and cross setting variations ++ ++ Tw ) @ @ y
2. Use community defined standards (eg, clinical definitions, technical standards) + + aow ~ g)
3. Evaluate using external datasets and/or multiple sites +4+ ++ @ E:

4. Evaluate and demonstrate local clinical validity + ++ g‘ :

Traceability 2 w

1. Implement a risk management process throughout the Al lifecycle + +4 E:' s

2. Provide documentation (eg, technical, clinical) -+ ++ g é.

3. Define mechanisms for quality control of the Al inputs and outputs + +4 -

4. Implement a system for periodic auditing and updating + 4+ E §

5. Implement a logging system for usage recording + 4 ‘g. S

6. Establish mechanisms for Al governance + ++ ~ o

Usability 5o

1. Define intended use and user requirements from an early stage ++ i % 2

2. Establish mechanisms for human-Al interactions and oversight + +4+ o g

3. Provide training materials and activities (eg, tutorials, hands-on sessions) + ++ g .

4. Evaluate user experience and acceptance with independent end users i ++ E:" M

5. Evaluate clinical utility and safety (eg, effectiveness, harm, cost-benefit) + ++ = E-
:'ERATIONALISATION
1. Define sources of data variation from an early stage ++ ++ 3 5

2. Train with representative real world data ++ ++ amn

3. Evaluate and optimise robustness against real world variations ++ ++ E s

Explainability -3 on

1. Define the need and requirements for explainability with end users ++ 4 -

2. Evaluate explainability with end users (eg, correctness, impact on users) + + 9,, %

General g =

1. Engage interdisciplinary stakeholders throughout the Al lifecycle ++ ++ o 3

2. Implement measures for data privacy and security ++ 4 g_ %

3. Implement measures to address identified Al risks ++ ++ g =

4. Define adequate evaluation plan (eg, datagetﬁ, metrics, reference methods) ++ ++ o ﬁ'




Operationalisation

FAIR UNIVERSAL | TRACEABLE USABLE ROBUST EXPLAINABLE

ge B [ ¢ =

Recommendations Research Deployable
Fairness
1. Define any potential sources of bias from an early stage ++ ++
2. Collect information on individuals’ and data attributes + +
3. Evaluate potential biases and, when needed, bias correction measures - ++
Recommendations Operations Examples

97 98

Patients, clinicians, epidemiologists, ethicists, social carers

Define any potential Engage relevant stakeholders to define the sources of bias
Sex, age, SOCi0eCONOMIC status®

sources of bias (fairess  Define standard attributes that might affect the Al tool's

1) fairmess
Identify application specific sources of bias beyond Skin colour for skin cancer detection,'® '°* breast density for breast cancer detection®*

standard attributes
Identify all possible human biases

Data labelling, data curation®?
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uni:
R1:
F1:
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un2:
Gé:
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(1) DESIGN ST

Engage inter-disciplinary st
Define intended use and u
Define clinical settings and
Define all sources of data t
Define all sources of bias

Define explainability needs
Use community-defined sfc
Investigate application-spe
Investigate social and soci
Implement a risk managern

Operationalisation

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS 1

Recommendations

Methods

Explanation

Example Refs

Define intended use and user re-
quirements from an early stage.

Record user needs through focus groups,
design a user-friendly Ul, and integrate clin-
ical information systems.

Tailor the system to specific clinical needs
to enhance usability and adoption. User-
centered design and adherence to human
factors engineering principles can improve
the usability and adoption of radiology Al
systems.

[62], [92]-[94]

Establish mechanisms for human-
Al interactions and oversight.

Provide dashboards, automate system log
analysis, and implement feedback mecha-
nisms and uncertainty estimates.

These tools support error detection, pro-
vide transparency into decision-making pro-
cesses, and facilitate clinical decision-
making by enabling clinicians to assess the
AT’s reliability.

(95]

Provide training materials and ac-
tivities.

Create training resources like user guides
and workshops, and implement training
courses for radiologists.

Training materials reduce perceived com-
plexity and enhance user understanding,
while courses ensure efficient usage and
awareness of Al system limitations.

[62], [96]-[101]

Evaluate user experience and ac-
ceptance with independent end-
users.

Conduct performance testing, user satisfac-
tion studies, usability questionnaires and
interviews, and efficiency evaluations.

User experience testing in clinical envi-
ronments identifies usability issues, evalu-
ates user satisfaction, and highlights areas
for improvement. Involving diverse clinical
users in design phases can further support
system adoption.

(951,
[104]

[102]-

Evaluate clinical utility and safety
(e.g., effectiveness, harm, cost-
benefit).

Implement feedback mechanisms, design
systems to warn about critical errors, and
address risk management processes.

Ensuring minimal errors and providing
feedback mechanisms enhance the clinical
utility and safety of Al systems. These ac-
tions also foster trust and reliability while
addressing skepticism around Al in medical
imaging.

[105]-[109]

TABLE IV

RECOMMENDATIONS AND METHODS FOR USABILITY.

for trustworthy Al in
UTURE-AI Guidelines

osch, Noussair Lazrak, Oliver Diaz, Kaisar Kushibar,
PA Starmans, Sara Colantonio, Nikos Tachos, Smriti
a Tsakou, Susanna Auss6, Leonor Cerda Alberich,

larias, Manolis Tsiknakis, Dimitrios |. Fotiadis, Luis

Karim Lekadir

Trustworthiness, R Health-
care

I. INTRODUCTION

Artificial intelligence (Al is considered a highly promising
and disruptive technology for future healthcare, particularly in
medical imaging. Al developments have significantly impacted
image reconstruction, medical image segmentation, image-
based diagnosis, and decision on treatment planning [1].

Al can enhance medical imaging by improving the ac-
quisition, processing, and interpretation of images, helping
clinicians diagnose and manage patients more efficiently and
accurately. However, despite these advances, the adoption of
Al in clinical practice remains limited, marking a substantial
gap between technical proof-of-concepts and clinical imple-
mentation. A survey in Australia and New Zealand revealed
that although most radiologists strongly believe Al could
improve their field, over 80% have not used Al in their daily
practice [2]. Another survey by the European Society of Ra-
diology showed that only 40% of radiologists had experience
with Al in their practice, while only 10% had interest in
acquiring Al-based tools [3].

In addition to radiologists, Al implementation also impacts
radiographers and medical physicists, who are integral to
imaging workflows. Radiographers have indirect influence
over data quality (e.g., by managing the settings) and ac-
quisition protocols, while medical physicists ensure safety
and calibration, both of which affect Al performance. Recent
studies highlight the training needs and workflow challenges
these professionals face [4], [5]. Addressing these issues calls
for a multidisciplinary approach, with all clinical stakeholders
engaged from the design stage onward.

Concerns about Al include mainly potential risks, ethical
implications, and a lack of trust due to its complexity and
opacity. There is a risk of Al generating undetected errors,
especially when applied to imaging conditions differing from
those used for training. Furthermore, imbalanced imaging
databases can lead to biased Al algorithms, exacerbating health
disparities [6]-[8]. There are also concerns about the impact of
Al on radiologists’ decision-making and interpretation skills
[9]. Current Al solutions often lack mechanisms for ongoing




Take-Away Messages

1. Awareness of Trustworthy Al is critical.

2. FUTURE-AIis a structured guideline for
trustworthy Al.

3. It requires active multi-stakeholder
engagement.

4. FUTURE-AI Is a frustworthy-by-desian
approach.

5. Al evaluation should be multi-faceted.
6. Trustworthiness is a continuous pProcess.

4 Special thanks to Karim Lekadir and Nikos Papanikolaou for
providing some of the slides

HERE LIES A
DATA SCIENTIST
(1995 —2027)

Copied Kaggle notobooks.
Trained models without
understanding the data.

Optimized for accuracy, ignored
business needs.

Never validated assumptions.
Never spoke to stakeholders.

Never moved past
Jupyter notebooks.

The world needed solutions.

- He delivered charts.
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