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The Deep Learning Era

Some definitions

What is Deep Phenotyping?

* Avatars, sensors and predictive tests

Impacted fields from the use of Al in medicine

Al in Dermatology now

* Transparency, validation, education, legal aspects
e Optimistic conclusion




Some definitions...

Artificial intelligence: study of intelligent agents; any
device that perceives its environment and takes

actions that maximize its chance of successfully A f?ﬂﬂp"ﬁ '!IEEHS;E,WE
achieving its goals. act, and adapt

Machine learning: Field of study that explores the
construction of algorithms that can learn from data. MACHINE LEARNING

Algorithms whose performance Improve
as they are exposed to more data over time

Deep learning: subset of machine learning algorithms
composed by neural network which learn from vast
amount of data.

DEEP
LEARNING

Subset of machine leaming in
which multilayered neural
networks learn from
vast amounts of data

First Architecture — Deep learning term — First training strategy
1965 1986 2006

https://towardsdatascience.com/cousins-of—artificial-intelquence-dda4ed027b5§_ 6



https://towardsdatascience.com/cousins-of-artificial-intelligence-dda4edc27b55

Impacted fields from the use of Al technologies in medical applications

1. Image-based diagnosis for radiology, dermatology, z gR‘TIFrITC!rAltINTEllIGENCE

Ophtha|m0|0gy’ and pathology act, and adapt

2. Genome interpretation

3. Biomarker Discovery MACHINE LEARNING

4. Inferring health status through wearable devices S shibean et i bt
5. Autonomous robotic surgery

6. Clinical outcome prediction DEEP

7. Patient monitoring LEARNING

Subset of machine leaming in
which multilayered neural
networks learn from
vast amounts of data

Yu KH, Beam AL, Kohane IS. Artificial intelligence in healthcare. Nature Biomedical Engineering. 2018; 2:719-31.
https://doi.org/10.1038/s41551-018-0305-z PMID: 31015651



Natural language Processing
Avatars an Deep imaging
Sensors, biometrics

ML for complex analytics
Generative Al

Robotics for surgery, laser,
Drug delivery by nanotech
Al for monitoring of patients
Al for support for patients
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DEEP PHENOTYPE AND PRECISION MEDICINE

 Demographics * Radiomics

* Clinical data * Dermatomics: “Deep” imaging
* Imaging phenotype

* Biosensors

* Genomic

* Transcriptomics
* Proteomics

* Metabolomics
* Microbiomics

* Epigenomics

* Exposomics

Eric Topol. Deep Medicine. How Al can make medicine human again SBN-13: 978-1541644632



Avatars of Patients
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Rivas AC, Luna A, Serra E, Luque M, Cafo A, Alejo B, Castrejon N, Rezze G, Alkhawaja A, Podlipnik S, Puig S, Malvehy J, Carrera C.
Xeroderma pigmentosum: 12 years of experience combining multiple imaging techniques for follow-up. Hospital Clinic of Barcelona.
Poster . World Congress of Confocal Microscopy. 1-3 June, 2023



Rivas AC, Luna A, Serra E, Luque M, Cafio A, Alejo B, Castrejon N, Rezze G, Alkhawaja A, Podlipnik S, Puig S, Malvehy J, Carrera C.
Xeroderma pigmentosum: 12 years of experience combining multiple imaging techniques for follow-up. Hospital Clinic of Barcelona. Poster . World Congress of
Confocal Microscopy. 1-3 June, 2023




Measurement of phoageing: skin surface
topography

RED AREAS PORPHYRINS

Computer assisted tools for the evaluation of UV spots and red areas

Goldsberry A, Hanke CW, Hanke KE. VISIA system: a possible

tool in the cosmetic practice. J Drugs Dermatol. 2014

Nov;13111):1312-4. PMID: 25607594 L, Li L. Comparison of two skin imaging analysis instruments:
The VISIA® from Canfield vs the ANTERA 3D" CS from Miravex.

Skin Res Technol. 2018 Feb;24(1):3-8.

3D WEWER AGING SMULATICN



Measurement of photoageing: Fluorescence lifetime imaging microscopy (FLIM)

Intensty FLIM

Collmgen
& sfastin
-0

fllood

60 um

S0pm

Seldenaci 5, Argineli F, Bassoli 5, Cautela J, Franch PM, Guami M, Guardoli D, X2eig X, Talbot €, Dy C. Multiphaton Rser microscopgy and fluorescence litetime naging for the
evsluation of the skin, Derratol Res Pract, 2002.2012:810749. dei: 10.1155/2012/810749. Epab 2041 Nav 26, PMID: 22203841 ; PMCID; PMCI235701



phototype II). The thickness of stratum
corneum (SC) and stratum spinosum

undulation of the dermal- epidermal
iunction (DEJ, green layer) is expressed

NAAAAAAAANA U N AAAAAANANIS

Rubegni P, Del Marmol V, Malvehy J, Cinotti E, Perrot JL, Suppa M. Line-field confocal optical coherence tomography as a tool for three-dimensional in vivo guantification of healthy

epidermis: A pilot §3¢LV1\qx,J Biophotor]idc\g_t 2022 Feb;lSiZ):e2021002 36. 5‘9L 10.1002/]bie.202100236. Epub 2021 Oct 21. PMID: 34608756.
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www.nature.com/scientificreports
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atypia in keratinocyte cancers
in 3D LC-OCT images using Deep
Learning 2 ;

P

Sébastien Fischman'™, Javiera Pérez-Anker®?, Linda Tognetti*, Angelo Di Naro*, &
Mariano Suppa®®’, Elisa Cinotti*®, Théo Viel*, Jilliana Monnier®®, Pietro Rubegni,
Véronique del Marmol®, Josep Malvehy?3, Susana Puig??, Arnaud Dubois® &
Jean-Luc Perrot®®
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CHEEK KN density 39000/mny’

.............

20 % bigges! Keratmocvtes are ullustrated m 30 and colored

L T i according to nuclei volume (red, quintile |
” including the smallest; blue, quintile Ill including
[ —— the intermediate; yellow, auintile V including the
biggest). The dermal- epidermal junction is
20 % intermediate depicted as a green laver (undulatron mdex
, i exoressed in percentage). Three distinct layers are
o S - visible: a lower, red layer (just above the DEJ)

containing small, immature basal keratmocvtes

20 % smallest an intermediate, blue layer containing maturing

Quintile 1 keratinocytes; and an upper, yellow layer
containing large, mature keratmocvtcs DEJ,
. dermalemdermal junction; KN, keratmocvtes SC,

........................................

stratum corneum; SS, stratum spinosum.
Thlcknesses (um), nuclel volume (um3);

(Chauvel-Picard J et al)

Chauvcl Picard J, Bérot V, logncthl Ortc C:mo C, FontamcM Icno«rc Pcrcz Ankch Puugs DubOosA Forestier S, Monnich JdudR C:jzorlab Podrazzam M, SanchNA Hschmon S,

cpldcrmls A pllot 5tudv J Buophotomcs 2022 Fcb 1;(2) c202100236 don 10 1002/]b|o 202100236 Epub 2021 Oct 21. PMID 346087.»6
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Nuclei per layers (3D)
Green: 1st top layer
Blue: middle layer
Red: bottom layer
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Skin layers segmentation

Nuclei per size (volume)
red: largest nuclei
Green: intermediate
blue: smallest

Nuclei per layers (3D)
Green: 1%t top layer / Blue: middle layer /
Red: bottom layer

Nuclei per atypia (Al score)
red: highest atypia
Green/yellow: intermediate
blue: smallest atypia




Wearable Health Monitoring

Genetic markers, diet, and microbiota, both on
the skin and in the gut

Liu Y, Pharr M, Salvatore GA. Lab-on-Skin: A Review of Flexible and Stretchable Electronics for Wearable Health Monitoring. ACS Nano.
2017 Oct 24;11(10):9614-9635.




Medical devices using molecular analyses (non-invasive)

Objective Gene
Expression Assessment

Adhesive Patch Biopsy

Not skin cancer Skin cancer

Analyses of RNA in stratum corneum. Epidermal Genomic Information Retrieval (EGIR™)
Based on expression profiles of the long intergenic non—protein coding RNA 518 gene (LINCO0518 [HGNC 28626]) and
the preferentially expressed antigen in melanoma gene (PRAME [HGNC 9336]) in skin tissue samples obtained via

~r A A A A

Melanoma and Effect on the Decision to Biopsy. JAMA Dermatol. 2017 Jul 1;153(7):675-680



Natural language Processing
Avatars an Deep imaging
Sensors, biometrics

ML for complex analytics
Generative Al

Robotics for surgery, laser,
Drug delivery by nanotech
Al for monitoring of patients
Al for support for patients




66

“There is nothing
more frustrating to a
patient than talking to
their doctor, wanting
advice, and that
provider is typing
away and looking at a
computer screen
These doctors think instead of the patient.”
electronic health records
e . ATE h-urtin-g thEi.l' . “Only 27 percent of a doctor’s time is spent with
o relatlonshlps with padents patients — and nearly half is spent on EHR and desk
work?
For every hour physicians provide direct clinical face time to patients, nearly 2
additional hours is spent on EHR and desk work within the clinic day. Outside Sinsky C, et al. Allocation of Physician Time in
office hours, physicians spend another 1 to 2 hours of personal time each night Am bu/atory Practice: A Time and Motion Study in 4
doing additional computer and other clerical work. Specialties. Ann Intern Med. 2016 Dec

6:165(11):753-760.
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ARTIFICIAL INTELLIGENCE AND DERMATOLOGY

Artificial Intelligence

Five current areas of applications for ML in
DE RMATO LOGY Machine Learning

1. Disease classification using clinical/
dermoscopy images

2. Disease classification using dermatopathology
images

3. Assessment of diseases using mobile
applications and personal monitoring devices

4. Facilitating large-scale epidemiology research

5. Precision medicine

Deep Learning

Chan S, Reddy V, Myers B, et al. Machine Learning in Dermatology: Current Applications, Opportunities, and Limitations.
Dermatol Ther (Heidelb). 2020 Jun;10(3):365-386.
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Artificial Intelligence

Five current areas of applications for ML in
DE RMATO LOGY Machine Learning

1. Disease classification using clinical/
dermoscopy images

2. Disease classification using dermatopathology
images

3. Assessment of diseases using mobile
applications and personal monitoring devices

4. Facilitating large-scale epidemiology research

5. Precision medicine

Deep Learning

Chan S, Reddy V, Myers B, et al. Machine Learning in Dermatology: Current Applications, Opportunities, and Limitations.
Dermatol Ther (Heidelb). 2020 Jun;10(3):365-386.



ImageNet Large Scale Visual Recognition Challenges
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“We should stop training
radiologists now”

Geoff Hinton, 2016




Man againts Machine

Basal cell carcinomas * Epidermal benign

* Epidermal malignant

* Melanocytic benign

* Melanocytic malignant

Squamous cell carcinomas
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Esteva, A., Kuprel, B., Novoa, R. A,, Ko, J., Swetter, S. M., Blau, H. M., & Thrun',§.(2017). Dermatologist-level classification of skin cancer with deep neural networks. Nature,
45

542(7639), 115-118.



Nature 2017

a Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images
1 S 1 - 1 :
£ | z z
- : & : &
8 i 1 : :
n j 0 ; )
= Algorithm: AUC « 096 ' = Agorithm: AUC « 0.94 & - Algorithm: AUC « 091
* Dermatologists (25) A * Dermatologists (22) 1O * Dermatologists (21) '
* Average dermatologist v * Average darmatologist 0 * Average dematologist
0 0 3y 23 bt
0 o 1 0 1 0 o 1
Sensitivity Sensitivity Sensitivity
b Carcinoma: 707 images Melanoma: 225 images Melanoma: 1,010 dermoscopy images
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1 b Algorithm: AUC = 0.96 5 == Algorithm: AUC = 0.96 0 = Algorithm: AUC « 0.94

0 " 1 0 o 1 0 1
Sensitivity Sensitivity Sensitivity

Esteva, A. et al. Nature (2017). 542(7639), 115-118.



Man againts Machine

Annals of Oncology 29: 1836-1842, 2018
doi:10.1093/annonc/mdy 166
Published online 28 May 2018

ORIGINAL ARTICLE

CrossMark

Man against machine: diagnostic performance of a
deep learning convolutional neural network for
dermoscopic melanoma recognition in comparison
to 58 dermatologists

H. A Haenssle'™", C. Fink'", R. Schneiderbauer’, F. Toberer!, T. Buhl?, A. Blum?, A. Kalloo,
A. Ben Hadj Hassen®, L. Thomas®, A. Enk' & L. Uhlmann’

Comparison of the accuracy of human readers versus
machine-learning algorithms for pigmented skin lesion
classification: an open, web-based, international, diagnostic
study

Philipp Tschandl, Noel Codella, Bengii Nisa Akay, Giuseppe Argenziano, Ralph P Braun, Horacio Cabo, David Gutman, Allan Halpern, Brian Helba,
Rainer Hofmann-Wellenhof, Aimilios Lallas, Jan Lapins, Caterina Longo, Josep Malvehy, Michael A Marchetti, Ashfag Marghoob, Scott Menzies,

Amanda Oakley, John Paoli, Susana Puig, Christoph Rinner, Cliff Rosendahl, Alon Scope, Christoph Sinz, H Peter Soyer, Luc Thomas, Iris Zalaudek,
Harald Kittler
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2017: Al “better than dermatologist” at
detecting skin cancer

.
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'Automated dermatologist' detects skin

HEE cancer with expert accuracy
Health A

o e s B
Artificial intelligence 'as good as cancer , B
doctors'

(© 26 January 2017
By James Gallagher



Current Deficiencies of Al for Skin Cancer Diagnosis: Validation of prediction models for skin cancer
detection on dermoscopy images in the 2019 International Skin Imaging Collaboration (ISIC) Grand

Challenge. Digital Lancet Oncology 2022

Marc Combalia MS, Noel Codella PhD, Veronica Rotemberg MD, Cristina Carrera MD, Stephen Dusza PhD, David Gutman MD, Brian
Helba, Harald Kittler MD, Nicholas R. Kurtansky BS, Konstantinos Liopyris MD, Michael A. Marchetti MD, Sebastian Podlipnik MD, Susana
Puig MD, Christoph Rinner PhD, Philipp Tschandl MD, Jochen Weber, Allan Halpern MD, and Josep Malvehy MD

Methods:): A large derr'nos.coplc |mage.cla55|f|.cat|on challenge ROC for NT class
was designed to quantify impacts to diagnostic accuracy from | e

shifts in statistical distributions of data, disease categories not - /

represented in training datasets, and imaging or lesion artifacts. e

Factors that may be beneficial to performance, such as clinical < /
metadata and external training data, were also evaluated. , /
25,331 training images across 8 diseases were provided to

challenge participants. ' /

Conclusions: We have identified specific deficiencies and safety
issues in Al dermatologic diagnostic systems which should be '
addressed in future diagnostic evaluation protocols to improve - totmbt e
safety and reliability in clinical practice.




Current Deficiencies of Al for Skin Cancer Diagnosis: Validation of prediction models for skin cancer

detection on dermoscopy images in the 2019 International Skin Imaging Collaboration (ISIC) Grand

Challenge. Digital Lancet Oncology 2022 (in press)

Marc Combalia MS, Noel Codella PhD, Veronica Rotemberg MD, Cristina Carrera MD, Stephen Dusza PhD, David Gutman MD, Brian

Helba, Harald Kittler MD, Nicholas R. Kurtansky BS, Konstantinos Liopyris MD, Michael A. Marchetti MD, Sebastian Podlipnik MD, Susana
Puig MD, Christoph Rinner PhD, Philipp Tschandl MD, Jochen Weber, Allan Halpern MD, and Josep Malvehy MD
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Task Force of Artifical Intelligence of the European Academy of Eiiroesi Aciderny of
Dermatology and Venereology (EADV) Dermatology and Venereology

“The mission of the Al Task Force is to influence, promote and develop
this field within Dermatology and Venereology, to provide i) a
mechanism for greater engagement of EADV members in Al and ii)
links to existing subspecialty and other scientific and professional
societies including the area of Health, Digital Health and other
specialties”.

Creation of communication tools for the management Education in Al for dermatologists, students, residents,
of the Task Force, projects and dissemination patients, general public, computer scientists
Radar of Al groups/projects in Dermatology in Europe Collaborative research and innovation in Al in
(and worldwide) Dermatology and Venereology

POSITION PAPERS on Al and Dermatology
Analyses of the regulatory policies of software using Al (European Directives set forth by the European Commission)
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X Menu

* AboutISIC

+ Working Groups
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Artificial Intelligence Working Group

Members:

Veronica Rotemberg, MD, PhD (Leader)

Catarina Barata, PhD
Brigid Betz-Stablein, PhD
M. Emre Celebi, PhD
Noel C. F. Codella, PhD
Marc Combalia

Roxana Daneshjou, MD, PhD

Pascaie Guitera, MD
David Gutman, MD, PhD
Allan Halpern, MD, MSc
Brian Helba

Harald Kittler, MD
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Han Seung Seog, MD

H. Peter Soyer, MD, PhD
Eric Tkaczyk, MD, PhD
Philipp Tschandl, MD, PhD
Jochen Weber

Memaonal Sloan Kettering Cancer Center, New York, NY, USA
Institute for Systems and Robotics, Instituto Superio Técnico, Lisbon, Portugal
The University of Queensland, Brisbane, Australia
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Table. Checklist for Evaluation of Image-Based Artificial Intelligence (Al)
Algorithm Reports in Dermatology (CLEAR Derm)

Clinical Review & Education

Checklist for image-based Al algorithm Description is
development in dermatology present/absent
JAMA Dermatology | Consensus Statement Data
Checklist for Evaluation of Image-Based Artificial Intelligence Reports L Image types

2 Image artifacts (eg, image quality, pen markings,
anatomic site for photography)

Technical acquisition details

in Dermatology
CLEAR Derm Consensus Guidelines From the International Skin Imaging
Collaboration Artificial Intelligence Working Group

Preprocessing procedures
Synthetic images made public if used

Public images adequately referenced

Roxana Daneshjou, MD, PhD; Catarina Barata, PhD; Brigid Betz-Stablein, PhD; M. Emre Celebi, PhD; Noel Codella, PhD;

N oo bW

Marc Combalia, MSc; Pascale Guitera, MD, PhD; David Gutman, MD, PhD; Allan Halpern, MD; Brian Helba, BS; Harald Kittler, MD; Pa;ie“:'leVEI m"étadazai gde'otgr'i Pft‘_ic loc"#lio_“ _gf Technique
; : A ) ! ' ) patients, sex and gender distribution, ethnicity .
Kivanc Kose, PhD; Konstantinos Liopyris, MD, PhD; Josep Malvehy, MD; Han Seung Seog, MD, PhD; H. Peter Soyer, MD; and/or race, and how it was extracted 16 Labeling method

Eric R. Tkaczyk, MD, PhD; Philipp Tschandl, MD, PhD; Veronica Rotemberg, MD, PhD . . . . :
8 Skin tone information and procedure by which skin

tone was assessed

17 References to common/accepted diagnostic labels

IMPORTANCE The use of artificial intelligence (Al is accelerating in all aspects of medicine and
has the potential to transform clinical care and dermatology workflows. However, to develop
image-based algorithms for dermatology applications, comprehensive criteria establishing
development and performance evaluation standards are required to ensure product fairness,
reliability, and safety.

OBJECTIVE To consolidate limited existing literature with expert opinion to guide developers
and reviewers of dermatology Al.

EVIDENCE REVIEW In this consensus statement, the 19 members of the International Skin
Imaging Collaboration Al working group volunteered to provide a consensus statement.
A systematic PubMed search was performed of English-language articles published between

December 1,2008, and August 24, 2021, for “artificial intelligence” and “reporting guidelines,”

as well as other pertinent studies identified by the expert panel. Factors that were viewed as

9 Potential biases that may arise from use of patient
information and metadata

10 Data set partitions

11 Sample sizes of training, validation, and test sets
12 External test set

13 Multivendor images

14 Class distribution and balance

15 Out-of-distribution images

18 Histopathologic review for malignant neoplasms

19 Detailed description of algorithm development

Technical assessment

20 How to publicly evaluate algorithm

21 Performance measures

22 Benchmarking, technical comparison, and novelty

23 Bias assessment

Application
24 Use cases and target conditions (inside distribution)

25 Potential impacts on the health care team and
patients

critical to Al development and performance evaluation were included and underwent 2
rounds of electronic discussion to achieve consensus.

FINDINGS A checklist of items was developed that outlines best practices of image-based Author Affiliations: Author

Al development and assessment in dermatology. afg“la“"”s are listed at the end of this
article.

CONCLUSIONS AND RELEVANCE Clinically effective Al needs to be fair, reliable, and safe; Corresponding Author: Veronica

this checklist of best practices will help both developers and reviewers achieve this goal. Rotemberg, MD, PhD, Dermatology
Service, Department of Medicine,

Memorial Sloan Kettering Cancer
JAMA Dermatol. 2022;158(1):90-96. doi:10.1001/jamadermatol.2021.4915 Center, 530 E 74th St, Sth Floor.

Published online December 1, 2021. Dermatology, New York, NY 10021
(rotembev@mskcc.org).

Daneshjou R, Barata C, Betz-Stablein B, Celebi ME, Codella N, Combalia M, Guitera P, Gutman D, Halpern A, Helba B, Kittler H, Kose K, Liopyris K, Malvehy J,
Seog HS, Soyer HP, Tkaczyk ER, Tschandl P, Rotemberg V. Checklist for Evaluation of Image-Based Artificial Intelligence Reports in Dermatology: CLEAR Derm
Consensus Guidelines From the International Skin Imaging Collaboration Artificial Intelligence Working Group. JAMA Dermatol. 2022 Jan 1;158(1):90-96.



Checklist for image-based Al algorithm development in Dermatology

Data
Describe imaging modalities, confounding artifacts, and pre/post data processing

1
2. Describe the metadata on images used for Al development. Comment on potential biases

3. Carefully define image datasets (independent training, validation, test) used for Al algorithm development
4. Clearly describe how the test dataset relates to the proposed clinical setting, with special attention to
statistical distributions, especially out-of-distribution (OOD) images and data




Checklist for image-based Al algorithm development in Dermatology

Technique 5. Develop the Al algorithm using a standard of reference for image labels that is widely accepted in our field
Describe algorithm development
7. The Al algorithm or algorithm output should be publicly evaluable

=

Technical 8. Performance measures should be consistent with proposed clinical translation
Assessment 9. Benchmarking, technical comparison, and novelty
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Checklist for image-based Al algorithm development in Dermatology

10. Describe intended use cases and target conditions (inside distribution)

Application
PP 11. Discuss potential impacts on the healthcare team and patients

il

User

Lay-person self exam
Patient

Nurse

GP

General Dermatol
Expert dermatol

Intended use
Education, diagnostics, monitoring,
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skinScan TeleSkin systen about

Pinit

Te§Skin

sesoDLLL T “ Pm e )

What is skinScan?

skinScan is class 1 medical device (CE mark)
for providing assisting information about
Pigmented Skin Lesions and Skin Self-
Examination.

(JSe modermaerke dagbog

I j°iSkin
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TegSkin

8/6/2017

TeleSkin ApS aims to help people self-examine and

track their moles

Focused on leveraging mobile technology to help users  _ _

assess and track moles °© p ®
Proprietary algorithm helps users to identify atypical
moles ‘
Algorithm shows 90% sensitivity o '
Available in Scandinavia for >1 year, and recently .,
launched in Australia and New Zealand et
7 o
>110k people downloaded app in Denmark and e
Norway - =
Ko W
Feedback from multiple users that the app helped e |
3 ; : . A Lot e =
them identify atypical moles which were problematic sy —1=
and further assessed by doctors as melanomas wiw__  HE
Teleskin L . 1




Accuracy of commercially available smartphone applications for the

detection of melanoma.

British Journal of Dermatology (2022) 186, pp721-750
M.D. Sun, J.Kentley, P. Mehta, S.Dusza, A.C. Halpern, V. Rotemberg

15 consecutive histologically proven invasive melanoma cases (pTla—pT2b) and 15 histologically proven benign
naevi, all in patients with lighter skin phototypes. Median age was 56 years (range 23—-87), and 21 patients (60%)
were female. Images were cropped to the lesion and are available at the International Skin Imaging Collaboration
Archive (https://doi.org/10. 34970/401946). Local institutional review board approval was obtained.

Of 43 apps identified, 25 claimed to identify melanoma and were functional.

Fifteen of 25 apps returned diagnoses, 12 of 25 risk categories and two of 25 risk scores (Figure 1). Three apps gave
>1 output type. Mean accuracy was 0,56, 0,60 and 0,64

Skln = LEGIT.HEALTH

-
SKin
analytics



Apps in Dermatology
using Al: Position
statement of the EADV
Artificial Intelligence
Task Force

European Academy of
Dermatology and Venereology

Clinle
Borcelono

Risks

Potential risks due to
inaccuracy, limited reliability,
especially when analyzing
suspicious skin lesions for

features of skin cancer.

Regulation

Lack of proper regulation is
another significant concern
related to dermatology

smartphone apps.

Education

Lack of education and proper
information for users on how to
correctly select lesions that

are suspicious of skin cancer.

Opportunity

Have the potential to become
reliable screening tools. .
These apps may provide
increased access to

dermatological care.



Al in medicine: liability and responsibility

When the use of Al will become widely
accepted in practice

* Doctors could potentially be held
liable for failing to use available
software as an aid to diagnosis

* Decisions of liability may become
complex in situations where the
clinician and software come to
contradictory conclusions




Expert consensus on the competency items in the Delphi study

1. Understanding the value, limitations and
use of Al solutions aa DN
Knows basic concepts of data science (data b “‘i e ( AD R
collection, analysis, evaluation, safety,...) - N
Chosing the best Al tool in every indication
Integration in the workflow of patients
Legal and ethical norms

Communication to patients

N

o U s Ww

Caliskan SA, Demir K, Karaca O. Artificial intelligence in medical education curriculum: An e-Delphi study for
competencies. PLoS One. 2022 Jul 21;17(7):e0271872.



Moleanalyzer pro
"The question Is not “whether" artificial intelligence will take a place in the The by M N
aarly detection of skin cancer, but "when" and in what form."

Powerful Performance

Analysis & Segmentation

- rar
"""U‘MJQL =

o - eie

Lesion Evaluation

Image Comparison Al Scoring with Heatmap




ATANLAY KRR ICHE

2001

vna odisea del espacio

/

/




Al in Dermatology




3: Seborrheic Keratosis / LPLK (1.19%)

4: Angioma (0.08%)

5: Dermatofibroma (0.04%)

Elapsed 0.11795 seconds - 5.16 FPS

Courtesy of P.Tschanldt



CONCLUSIONS
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Natural language Processing
Avatars an Deep imaging
Sensors, biometrics

ML for complex analytics
Generative Al

Robotics for surgery, laser,
Drug delivery by nanotech
Al for monitoring of patients
Al for support for patients




D EEP “....Doctors should spend less time

collecting information and classifying
MEDICINE

HOW ARTIFICIAL
....... and dedicate more time to
listening, attending and caring for their

patients”

CAN MAKE
HEALTHCARE

HUMAN AGAIN

ERIC TOPOL

WHS 2 havsn i 1y
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A en dermatologia

1. éPiensa que la IA puede mejorar su practica profesional?

a. Si puede mejorarla

b. No la cambiara de forma significativa
c. La empeorara

d. No tengo ni idea



A en dermatologia

2. iPiensa que la IA cambiara su relacion con el paciente?

a. si puede mejorarla

b. no la cambiara de forma significativa
c. la puede empeorar

d. no tengo ni idea



A en dermatologia

3. ¢Piensa que la IA debe incorporarse en la formacion continuada
del dermatdlogo?

a.Si

o

No
C. SoIo para los mas jovenes (a mi ya no me pilla...)
d. La IA me importa un comino



