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Risks of Al in healthcare / 1

1) Patient harm due to Al errors
= Noisy inputs
*= Data shift between Al training data and real-world data
2) Misuse of medical Al tools
* Poorinvolvement of physicians and citizens in Al development
= Lack of training
= Proliferation of easy-to-use mobile Al solutions
3) Bias in Al and the perpetuation of existing inequities |
= Biased datasets: Sex, gender, race, age, socioeconomic status, geographic location, urban or rural context.
* Lack of diversity in technical, scientific, clinical and policy teams.
4) Lack of transparency
* Traceability and Explainability
= Lack of trust, difficulties in evaluating Al algorithms, in identifying sources of error, in defining who/what is responsible
5) Privacy and security issues

6) Gaps in accountability
= Gaps in national and international regulations. Responsibility for errors? Vulnerability of healthcare professionals.
7) Obstacles in implementation
* Limited data quality, interoperability, disruption of doctor-patient relationship, lack of integration of Al tools in clinical
workflows.
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Artificial intelligence in healthcare: applications, risks, and ethical and social impacts. Study. Panel for the Future of Science and Technology, European 3
Parliament Think Tank, June 2022.
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Al in health: medical imaging




Uses of Al in medical imaging
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Some applications using deep learning models

Automatic reconstruction of CT, PET and MRI images using FCN

Conventional
Sensor reconstruction chain Image

AUTOMAP
reconstruction

- C1 Image
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Image reconstruction by domain-transform manifold learning (2018). Nature




Some applications using deep learning models T,

Detection and categorization of skin cancer using a CNN
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Dermatologist-level classification of skin cancer with deep neural networks (2017). Nature
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Some applications using deep learning models

Deep learning model

Predicts
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(ICOVID with FSR mechanism)
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Prediction of recovery time in patients with COVID-19 through a CNN
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iCOVID: interpretable deep learning framework for early recovery-time prediction of COVID-19 patients (202 1). npj Digital Medicine
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Segmentation models

Many different approaches:

Intensity-based:
thresholding (histogram-based) e . ey
clustering Classical
Region growing
Contour based, etc.

Multi-atlas segmentation (medical imaging)
Deep Learning: U-net (+ 3D-Unet, V-net), nn-Unet, etc.

Foundation models ML / Al




Segmentation models

Article | Published: 07 December 2020

Brain Tumor Head- NEH.LE Tumor
nnU-Net: a self-configuring method for deep learning- \ gims
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Foundation models

» Med Image Anal. 2023 Oct:89:102918. doi: 10.1016/).media.2023.102918. Epub 2023 Aug 2.

Segment anything model for medical image analysis:

An experimental study

Maciej A Mazurowski ', Haoyu Dong ¢, Hanxue Gu 2, Jichen Yang 2, Nichelas Konz 2, Yixin Zhang >

Affiliations + expand
PMID: 37595404 PMCID: PMC10528428 (available on 2024-10-01)
DOl 10.1016/).media.2023.102918

modalities &

| | datasets, various
anatomies
* |Impressive performance for certain

medical imaging datasets

others
" Appropriate care needs to be applied
when using it

* Moderate to poor performance for

How SAM's segmentation look like?
We visualize some examples of SAM's segmentation under two different prompt modes.
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« SAM's performance varies highly for d:ﬁerent datasets and tasks.

« SAM's performance appears to be better for well-circumscribed
objects with prompts with less ambiguity, such as segmentation of
organs in computed tomography, and poorer in varies other
scenarios, such as segmentation of muscle in ultrasound imaging.
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Foundation models
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N 1V > cs > arXiv:2304.06131

Computer Science > Computer Vision and Pattern Recognition

[Submitted on 12 Apr 2023]

UniverSeg: Universal Medical Image Segmentation

Victor lon Butoi, Jose Javier Gonzalez Ortiz, Tianyu Ma, Mert R. Sabuncu, John Guttag, Adrian V. Dalca

" 42 multi-modal (CT, Tl and T2-weighted MRI, X-ray, ultrasound, etc.) public
datasets

Figure 1: Medical segmentation involves many imaging types, biomedical domains, and target labels. We employ a large 13
diverse set of training tasks (blue) to build a model that can segment unseen tasks (orange) without additional training.




Med Gemini by Google

Medical Modalities
& Knowledge

=

Gemini

~-+

Advancing multimodal Medical Capabilities of Gemini (2024).

Med-Gemini

The models described here were tuned on a dataset of 7
million samples obtained from 3.7 million medical images

and cases

Applications

Classification

Visual Question
Answering

2D Report
Generation

3D Report
Generation

Polygenic Risk
Prediction

14



lass (%)

-
|-

Relative Improvement over Best-in-

Med Gemini by Google
Advancing multimodal Medical Capabilities of Gemini (2024).
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o q1' e ox pert evaluation, wnibe otners are assessed useng sutomated metncs $uch 55 adhrapns 1. Accuracy, AU, and F 1 scoores.
{ %] Indicates comoarisan with Gamini whane best-in-class performance i not aval able.

Genomic

Generation Disease Prediction

Classification

Table A.15 | Overall Performance Summary of Med-Gemini This table represent the aggregated results
comparing Med-Gemini to the previous state-of-the-art (SoTA), Gemini or strong baseline where available.

Capabilities Datasets Metric Med-Gemini § Gemini Eas;;,;i of Reference
MIMIC-CXR RadGraph 244 N/A 20.5 Tanno et al. (2024)
Report Expert
Generation MIMIC-CXR . 47.6 N/A 43.0 Tanno et al. (2024)
(Al superior)
IND1 Expert 75.4 N/A 63.7 Tanno et al. (2024)
(Al superior)
MIMIC-CXR VOA Accuracy 78.6 70.9 68.1 Xu et al. (2023)
Slake-VOA Accuracy 848 70.4 91.1 Li et al. (2023b)
VA VOA-Rad CXR Expert 71.9 N/A 57.9 Xu et al. (2023)
VQA-Rad CXR Accuracy 78.8 62.4 N/A N/A
PathVQA Accuracy 83.3 62.8 0.9 Sun et al. (2024)
Coronary artery disease AUC 82.5 N/A 78.5
Stroke AUC 78.1 N/A 74.8
Type 2 diabetes AUC 86.5 N/A 85.5
Glaucoma AUC 78.9 N/A 82.8
COPD AUC 83.9 N/A 77.4
Genomic Rheumatoid arthritis AUC 79.2 N/A 70.6
Disease Major depression AUC 70.2 N/A 60.2 Ensemble of PRSs
Prediction Allcause mortality AUC 79.9 N/A 71.8 and Demographics
Hypertension AUC 72.0 N/A 69.9
Hypercholesterolemia AUC 52.4 N/A 521
Atrial fibrillation AUC 78.7 N/A 74.4
Diabetic retinopathy AUC 87.0 N/A 87.5
Pneumonia AUC 71.6 N/A 68.9
Asthma AUC 57.7 N/A 56.5
Hard Exudates F1 87.3 61.5 N/A N/A
Hemorrhage F1 85.3 57.8 N/A N/A
PRP Scars F1 82.3 57.0 N/A N/A
DR Lesion F1 86.4 63.9 92.0 Krause et al. (2018)
Classification PAD-UFES-20 F1 71.4 60.3 70.0 Google (2024)
MIMIC-CXR F1 0.7 86.8 N/A N/A
CheXpert F1 48.3 42.6 60.6 Tiu et al. (2022)
ChestX-ray14 F1 46.7 34.2 58.3 ajkowska et al. (2020)
Pathology Patch AUC 89.2 88.4 01.7 Sun et al. (2024)
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Med Gemini by Google

Examples of 2D medical image dialogue via open ended question answering: fundus image, skin lesion image, histopathology

' /% Prompt . : /7 Prompt 7 Prompt
What are the findings? Describe the image below. Tell me about this histopathology image.
b A .
b
& ;'?’:'.
Jube <N
'-H'l. "" 'd.l’
:' -".'.'

!
Vi
Tk P f FI{

4 Response

H&E stained section of a lymph node demonstrating the mix

P — P — Efﬂ ﬁ;ﬂa”' mature lymphocytes and occasional larger immune
Hard exudates is present. Hemorrhage is present. The image shows a red, raised, and round skin lesion. The /4 Prompt

27 Prowiph mr::s'_[ common cause of this condition is baszal cell Is there any tumor In this Image?

carcinoma.
Does the patient have DR? If ves, what is the severity level? 4 Response
Prom
4 Response & - No.
. : : -
e What is the treatment of this carcinoma: Z Prompt
What are the slightly larger cells in the middle left part of
Response By g P

¢7 Prompt ¥ Rospo the image?

How to traat it? Basal cell _r;arf:innma i5 a type of skin cancer that_ i5 usually S

treated with surgery. The type of surgery used will depend
4 Response an the =ize and location of the tumaor. These are likely immune cells called plasma cells, which are
_ . anormal part of the immune system.
Laser photocoagulation .
p
" Patch-level Ground Truth
™ s " Lymph node, non-tumor
(Jy Clinician Review (Jy Clinician Review
Expert Review

Missed microaneurysms in the findings. DR severity is Need to change “the most common cause” to “a common Aligns with the ground truth, although perhaps challenging
correct. Treatment should include Intravitreal anti-VEGF cause” and “treated with surgery” to “treated with surgical to be sure this is from lymph node without additional
injection. removal” COnteL.




Med Gemini by Google

Example of chest X-ray report generation Example of chest X-ray report autocompletion
/7 Prompt /¥ Prompt
Given the following chest X-ray, describe the FINDINGS and Given the following chest X-ray, describe the FINDINGS and
IMPRESSION in the image. IMPRESSION in the image.

i

Chronic abnormality with b < Response
hallucination, as FINDINGS: The lungs are hyperinflated with flattening of the _ _ S
“increased ap diameter” diaphragms and increased ap diameter, suggesting chronic F;r;.IDI_I'-IGS_ th:dlur‘lgﬂ E"’E'd_':lg':“'df'""“?'jult fff":h;" ':E'”E'_ﬂl'dm't'j""
is usually detected from a obstructive pulmonary disease. No focal consolidation, SfTuSION, OF BOSIMA. CANMOMamAsTng! Sivoustts |5 statie.
sl e pleural effusion, or pneumothorax is detected. Heart and tortucsity of the deacending thoraci: sorta i3 sgain notad
mediastinal contours are within normal limits with extensive no acute osseous abnormalities. IMPRESSION. no acute
aortic calcification. IMPRESSION: no acute cardiopulmenary | cardiopulmonary process. Particular concept was
. PPOCESS. 4 -, missing from the report
’ \ Qg- Comparison with Radiologist's Motes (not shown): generated without any
QE? Radiclogist Written Report - hint and were recovered
FINDINGS: Frontal and lateral views of the chest were i s i st o L the, acE e
obtained. The lungs are hyperinflated, with flattening of the - ~ D
diaphragms, consistent with chronic obstructive pulmonary /¥ Response Hint
diseasa. There is mild left basilar atelectasis. No focal
consclidation is seen. There is no pleural effusion or FINDINGS: Hyperlucency of the upper zones..
pneumothorax. The cardiac and meadiastinal silhouettes are
unremarkable. Degenerative changes are seen along the 4 Auto-completed Response
spine. IMPRESSION: COPD and left basilar atelectasis. _of the lungs is consistent with amphysema. | 17

L Otherwise, no acute cardiopulmonary process.




Med Gemini by Google

Example of 3D Head CT report generation (abnormalities missed by radiologist in green, but sometimes hallucinate
findings absent from the image).

¥ Prompt

Given the image, what are the radiology findings?

FINDINGS: mild cortical atrophy and periventricular white matter changes are noted compatible with microvasculopathy. there is
proportionate ventriculomegaly. no bleed, mass effect, midline shift or abnormal intracranial fluid is seen. no evidence of acute
intracranial hemorrhage, territorial infarct, abnormal fluid or mass effect.no abnormal extra-axial fluid collection is identified. no
definitive evidence of intracranial hermorrhage or large territorial infarct within the limits of ct imaging. old left basilar ganglia
infarct. no intracranial mass, swelling, hemorrhage, infarction or extra-axial collection is seen. visualized mastoid air cells: well
pneumatized. visualized paranasal sinuses: well pnaumatized. atherosclerotic calcification of vasculature at the skull base.

4 Response

':.E? Radiologist Written Report

FINDINGS: the fourth ventricle is midline. the remaining ventricular system is within normal limits. there s mild chronic white
matter microangiopathic disease and moderate generalized cortical atrophy. no bleed, mass effect, midline shift or abnormail
intracranial fluid is seen. bone windows demonstrate an intact skull. the remaining visualized paranasal sinuses and mastoids are
clear. chronic white matter microangiopathic diseasa, mild generalized cortical atrophy, not significantly changed since 2015, no
evidence of acute intracranial hemorrhage, territorial infarct, abnormal fluid or mass effect.

18



Med Gemini by Google

Conclusions: Areas in which future evaluations should focus before models like these are considered safe
and effective for clinical use:

* Closing the gap between benchmark and bedside
* Limitations of benchmarks in size, scope, and reflection of real-world distributions
* Potential for generative Al in assisting, rather than replacing human specialists

= Evaluations should shift from static benchmarks to realistic clinical scenarios that assess Al-human collaboration
and its impact on patient outcomes

* ldentifying and mitigating data bias and safety risks
* Inherit biases from source data 2 misdiagnoses and amplification of systemic bias
* Discover and mitigate risks

* Validate model performance for specific use cases and patient populations

* Minimizing data contamination when evaluating zero-shot generalization in large models

"= Massive training datasets increase the potential for data contamination, which may result in overestimation of their
true generalization capabilities.
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Study of the impact of Al in health (2020)

McKinsey

eit ) Health & CDH][]HIIY

Executive summary

Transforming
healthcare with Al

The impact on the workforce
and organisations

March 2020

m EIT Heatth |s supporied by the BT,
& body of the Eumopean Linkon

Financed by European Union with enquiries
to principal actors: healthcare professionals,
managers and counsellors of emergent
companies.
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Study of the impact of Al in health (2020)

Al will not replace healthcare professionals but will enhance their ability
to influence in patients and healthcare systems.

HCPs can refocus energy

on patients, spending less

time on administrative
tasks and more on direct

delivery of care

Activities that currently
pccupy between 20 to BO%
of doctor and nurse time
can be streamlined or even

eliminated by using Al

E—

&

L]

Some activities will be
more efficient or deliver

better outcomes (or both)

For example, a diagnostic tool
could be powered by Al to
identify eye disease with the
sarme accuracy as expert
clinicians. This could reduce
the time to diagnosis allowing
providers to treat patients or
refer them to the rght
specialists for further

treatment more quickly.

:;fn

As intelligent machines
take over more physical,
repetitive and basic
cognitive tasks, social and

emotional skills will
become more essential

These will be vital in helping
to coach patients on the use
of Al solutions and
monitoring their impact.
This will be particularly usefu
for patients with chronic
conditions who may be
managing their disease with
Al-enabled monitoring and

decision support.

Q

The average patient coming to hospital
may have more complex needs
Al applications will enable more patients with mild
to moderate conditions to have hoame-based care,

meaning HCPs can focus their time on patients with

more complex needs. Futhermore, HCPs will need to

know how best to use Al clinical decision support to
navigate the growing quantity of information on

treatments. They will need to change their approach
to education, seeing lifelong learning, and digital

and Al literacy as cornerstones of their practice.

New professionals will need to be
welcomed and integrated into healthcare

Al engineers and data scientists will be intrinsic
parts of healthcare delivery. There will be an
urgent need for healthcare organisations to

attract and retain such valuable and in demand

talent, by developing flexible and exciting career

paths and clear routes to leadership roles.

22



Study of the impact of Al in health (2020)
What needs to change to support the adoption and scaling of Al in

healthcare? (i)

Work together
to deliver quality
Al in healthcare

A lack of multidisciplinary
deseloprment and early involverment
of HCPs, and limited teration by
joink Al and healthcare teams,
wiere Cited as major barriers to
addressing quality isswes early and

anophing soutians at scale.

# 2

Rethink education
and skills

Leaders will negd 1o be well-versed
in bath biormedical and data
science. Skills such as basic digital
literacy, baskc genomics, Al and
miachine learning must become
mainstream for all HPs,
supplemented by oritical thinking
skills and dewveloprment of a

continuaus-eaming mindaset.

Strengthen data
quality, governance,

security and
interoperability

Uata access, quality and avasianilihy
were potental roadblocks cited by
all_ In addrtion, as more healthcare
1S deliversd using new dgtal
techinddd@les, public CoMmCerms
about how healthcare data are

used hawe Increased.

Healthcare organisations should
have robust and compliant
data-sharing podicies that support
the improvements in care that Al
affers while prowiding the right

safeguards in a cost-efficient way.

Manage change

Clinical keadership s kesy, a5 is beldng
open to identifying the rght use
cases that support rather than
antagonise HCPs and truly
augment rather than substitute
ther ability to oelrver the best

possinle Cane o their patients.

This could InClude promsing
sodutions that foous on reducing
the ime peaple spend an routine
administratrve tasks, rather than
those that seek to act as vertual

aEsisiants whno Interact directly

with pafents.
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Study of the impact of Al in health (2020)

What needs to change to support the adoption and scaling of Al in

healthcare? (ii

Invest in new talent
and creating new roles

Heveldop and recrut the new rales
that will be critical to the successful
introduction and adoption of Al
such as data soentsts or

data engineers.

Dernand Ffor such skills s heating up
arrgss industries and the

competition for talent will be fierce

Leed nipang '-|E':-:I|:l|E'_.-EIEI|E' maodels to
attract and retain such talent
should be an essential part

of people strategies.

Work at scale

Mot every haspital will be able ta
afford to attract mew Al talent, oo
Nave access o enough data to

make algorithms meaningful

Smaller organisations can benefit
firon whorking in innovation dusters
that bring together Al, digita
health, biomedical research,
translational research or othes

relevant fields

Larger organisations can develop
nto centres of excellence that pave
the way for regional and
public-private collaborations to

scale Al In Europsean healthcane.

f _." _."
y .
i
L

Regulation, policy
making and liability,
and managing risk

There is a need to clarify whather Al
willl b regulated as a product or as
a tool that supports decision
making, and for a consistent
regulatorny approach similar to that
provided by the European
Medicines Agency (EMA} an
medicines or by national authonties

on medical dessoes.

Funding

Clear criteria for the potential
reimbursement of Al applications
will be crucial for its adoption at
scake, alongside creative funding
models that ensure the benefits

are shared acraoss arganisations.
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Al in Health: Report by the Office of Science and Technology of the Spanish Congress (November 2022)

Inteligencia artificial y salud wnoz @ @ T Pl === Oficina € 11
Potencial y desafios

La inteligencia artificial (IA) tiene el potencial de apoyar y mejorar los servicios sanitarios. Para alcanzar una IA de confianza deben superarse diversos desafios.

Accidén y supervision humana

Disefio y creacion de Desarrollo, aplisacic’:n&r Profesionales sanitarios
bases de datos diversas supervision de modelos de A apoyados por IA

Del dato al valor de la |A

Nuevos datos

Imagen

meédica J@»_

Autocuidado Tratamiento

Datos y Y prevencion

textos Desarrollo
clinicos i 1A

: e - |{ Procesado <L ,
Informacion de datos e s '

social y 7

ambiental ’ \ 4 '
== / A pe | Gestion y Avances en
. o e ol | IRl logistica investigacion
Dispositivos ; /| | [\~

informacidn

personales

Salud puablica

La digitalizacién masiva de datos abre paso al uso de Las técnicas de IA procesan datos yfo conocimiento La informacién obtenida apoya la toma de decisiones
la |A para mejorar la salud de la poblacian. experto para realizar tareas complejas. en distintas dreas del ambito sanitario.

[ S iscriminacié
E:ﬂﬁgg; Confianza : Dllﬁﬂr’_lmlll’"lﬂblﬂﬂ Marcos Transformacion
y seguridad SR regulatorios profesional
de datos
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