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Entender la actual situacion de la A e
(deep learning) en el ambito médico l

Analizar algunos ejemplos de
aplicacion de la IA en salud

°

Reflexionar sobre |los diferentes usos
de la IA en el ambito clinico

|

Objetivos

BCN

(\\QAIM

Entender los retos pendientes de la IA
(deep learning) en salud

Conocer la situacion actual con
respecto a la “confianza” de los
algoritmos de IA

Tener una vision critica en el uso de la
A en salud
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CANCER o o m
Inteligencia Artificial logra diagnosticar
mejor el cancer que un radidlogo

Cientificos de Google y de la Universidad de Northwestern desarrollaron un nuevo sistema de
inteligencia artificial (IA) que logré detectar el cancer de manera mas acertada que un especialista. Esta

\t ntrac nntac de riencia v caliid ds |a cemana

Un robot chino vence a 15 médicos en el diagndstico de
tumores cerebrales

+m ¢Qué mensaje llega a la sociedad? @Aﬁ%\l\

SOFTWARE

Esta inteligencia artificial
ha logrado la mayor tasa
de éxito para detectar el
cancer de mama

Un estudio revela un mayor acierto en el diagnostico cuando los radiologos
se apoyan en la |A alemana Vara para detectar el cancer mamario

EFE | Pekin | 1 jul. 2018
czng].I:a'::l-il‘tlzzlj'lt:ia| o
La IA de Google es mejor diagnosticando el MEDICINA
Somputacion cancer de mama avanzado que los patélogos La inteligencia artificial ya
humanos detecta el cancer de mama

La IA puede hacer el

tra bajo técnico de Ios "ECNOLOGIA - INTELIGENCIA ARTIFICIAL .. .
r ge - « OpenMind
medicos, pero no el

humano Kebrlooy Tu radiologo sera un ordenador

con la misma precision que
un radiologo EL&MUNDO




Inteligencia Artificial

Inteligencia Artificial

Aprendizaje automatico
(Machine Learning)

Modelos de
clasificacion

Robdtica

Arboles Modelos
de de

Procesamiento o .
_ decision regresion o
del lenguaje Clusterizacion

natural
Deep Learning

CNN Transformers

s



DL: Cambio de paradigma (\\9/3%7\

Machine Learning

G — |& — $7343

Input Feature extraction Classification

Deep Learning

& — szt — [

Input Feature extraction + Classification Qutput




Redes Neuronales

Hidden layers

Input layer
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| Redes Neuronales Convolucionales ‘AlIM

17 https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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INPUT CONVOLUTION + RELU ~ POOLING  CONVOLUTION + RELU POOLING p CLATTEN CONNEL s SOFTMAX
FEATURE LEARNING CLASSIFICATION

RelU

) R(z) =max(0, z)

* Entrada: imagen, patches

* Convolucion: operaciéon matematica (filtro)

* Relu: funcién de activacion no lineal

* Pooling (max/average): Reduccion de dimensionalidad

* FC: Conecta cada nodo con todos los nodos de otra capa
* Softmax: convierte numero a probabilidad

3.0 3.0 3.0

Convolucién 3.0]20]3.0

Pooling


https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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Algunas CNNs populares

Parametros

AlexNet 2012 8 ~60 millones

VGGNet 2014 16 138 millones

GoogleNet 2014 22% 4 millones

ResNet 2015 152

U-Net 2015
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Attention Is All You Need

Jakob Uszkoreit*
Google Research
usz@google.com

Niki Parmar*
Google Research
nikip@google.com

Noam Shazeer”
Google Brain
noam@google.com

Ashish Vaswani*
Google Brain
avaswani@google.com

Aidan N. Gomez* T
University of Toronto
aidan@cs.toronto.edu

Lukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Llion Jones*
Google Research
1lion@google.com

Hllia Polosukhin® *
illia.polosukhin@gmail.com

Transformers

Chat G

Output
Probabilities
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@ OpenAl
-
Add & Norm
Feed
Forward
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Forward ) Nx
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Input Output
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845a

a-Paper.pdf

(shifted right)


https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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Diaz, O et al (2021). Data preparation for artificial intelligence in medical imaging: a comprehensive guide to open-access

platforms and tools. Physica Medica, 83, 25-37
https://www.sciencedirect.com/science/article/pii/S1120179721000958
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John McCarthy acuia la
expresion IA.

1956

¢Por qué ahora?

Utilizacién CNNs en apps de
reconocimiento de objetos.

1990s

DL acufado por
Rina Detcher. mamografia

(X)) BCN

Expansion de CNNs a Aparece

otras aplicaciones.

2000s

CNN AlexNet
(ImageNet Challenge).

2012

AlIM

Aparece ChatGPT

2022

1986 1996

¢

12 trabajo CNN en

2010s

Explotacién masiva de

DL en radiologia

2017

Aparecen
Transformers

los

The Evolution of Data Storage
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Application
fields
in
Medicine

Treatment Plans
Disease analisis
Risk analysis
Pulmonology EMG
Other Applications: NSS
e Piccialli, Francesco, et al. "A survey on deep learning in medicine:

e ™ Why, how and when?." Information Fusion 66 (2021): 111-137.



Tareas de IA en el ambito salud (\’jﬁ;‘\

Deteccion

Segmentacion
Clasificacion/caracterizacion
Prediccion

Registro (temporal/multimodal)
Mejora de calidad de imagen
Generar datos sintéticos

* Imagenes

* Texto

Cai, Lei, Jingyang Gao, and Di Zhao. "A review of the application of deep learning in medical
image classification and segmentation." Annals of translational medicine 8.11 (2020).



o () BCN
Deteccion AlIM

* OMNia LYCE *

1 3 Testing
2 CNN training
CNN patch :{> Trained :D
~ classifier - model model al
Negative patches  Positive patches | dpatchos
mage and paicne
5 Mass detection
= 4 Patch Classification

0.4

0.2

—-0.0

(bounding box) map (MPM)

R. Agarwal, O.Diaz, X.Lladd, M.H. Yap, R. Marti Automatic mass detection in mammograms using deep convolutional neural networks. J. Med.
Imag. 6(3) 031409, 2019.
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t0200217102ar

zoom to fit 320f 74 zoom to fit 109 of 2!

t0200217102ar




Segmentacion de tejidos: Radiomica [\\9/.'\35\7\

Caracteristicas morfologicas

Caracteristicas textura

38160615

1 4. 4.1 2
65792136

4.5 5.4 3
95315378

3-4 4 5 4
054989731

2 3 4.4 1
86 47 4 121

2 4 5 3 1

Caracteristicas intensidad



Segmentacion de tejidos: Impression BIQQ/E]?\R
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Generation of
CAD 3D model
t' : ZE )

3D printed model
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Training

i = Marked tumour region

Inference

i - Unseen sample

imCMS 1 llimCMS 2 BimCMS 3 IlimCMS 4
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il - Labelled tiles

ii - Extracted image tiles

TCGA
GRAMPIAN

iii - Tile classification

Clasificacion/caracterizacion

imCMS
classification
[+

o0

classification

Domain-adversarial training

iv - Overlay image

(X)) BCN

AlIM

iv = Learnt models
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v - Prediction probabuhty

Sirinukunwattana, Korsuk, et al. "Image-based consensus molecular subtype (imCMS) classification of
colorectal cancer using deep learning." Gut 70.3 (2021): 544-554.
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Qu, Yu-Hong, et al. "Prediction of pathological complete response to neoadjuvant chemotherapy in breast

cancer using a deep learning (DL) method." Thoracic Cancer 11.3 (2020): 651-658.

‘ll“m‘“||||||||||||||II
0 10 R

30 40 50 60
Subjects

Figure 4 Predicted scores of 58 par-
licipants with locally advanced breast
cancer in the validalion sel. Blue color
indicates pCR proven by pathological
analysis. Red color indicates non-pCR
proven by pathological analysis. Bars
above 0 are pCR predicled by DL
madels. Bars below 0 are non-pCR
predicted by DL models.
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Ground
Truth

Ground
Truth

Noisy

DnCNN

SCNN

dDLR

SRR

Kidoh, Masafumi, et al. "Deep learning based noise reduction for
brain MR imaging: tests on phantoms and healthy volunteers."
Magnetic resonance in medical sciences 19.3 (2020): 195.



Generacion de datos (imagen) (\\QA?@I\

Alyafi et al (2020). Quality analysis of DCGAN-generated mammography lesions. IWBI2020, 11513, 115130B
Alyafi et al (2020). DCGANSs for realistic breast mass augmentation in x-ray mammography. In Medical Imaging 2020: CAD, 11314, 1131420
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il Generacion de datos (imagen) ‘AlM

Model 3

Garrucho et al (2022)
image-to-image

Model 7

Kim et al (2021)
Image inpainting

Model 10

Model 12

Osuala et al (2022)
Noise to image patch

Model 19
Osuala et al (2022)
Noise to image

Osuala, Richard, et al. "medigan: a Python library of pretrained generative models for medical image synthesis."
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@OpenAI

@ DALLE History Collections

ChatGPT

Edit the detailed description Surprise me Upload -l

45 VAN A chest X-ray with nodules in the right lung Generate

Examples Capabilities Limitations

"Explain quantum computing in Remembers what user said May occasionally generate
simple terms" - earlier in the conversation incorrect information

"Got any creative ideas for a 10 Allows user to provide follow-up May occasionally produce
year old’s birthday?" corrections harmful instructions or biased
content

"How do | make an HTTP request Trained to decline inappropriate
in Javascript?" = requests Limited knowledge of world and
events after 2021




.. BCN
Generacion de datos (texto) (\\QAW\

ChatGPT Makes Medicine Easy to Swallow: An Exploratory Case Study on Simplified
Radiology Reports

Katharina Jeblick, Balthasar Schachtner, Jakob Dexl, Andreas Mittermeier, Anna Theresa Stuber, Johanna Topalis, Tobias Weber, Philipp
Wesp, Bastian Sabel, Jens Ricke, Michael Ingrisch

ChatGPT Is Shaping the Future of Medical Writing But

Diagnostic and Interventional Imaging § Still Requires Human Judgment

Available online 28 February 2023
In Press, Corrected Proof @ What's this? ~

Imaging

“'Felipe C. Kitamura

Original article

Revolutionizing radiology with GPT-based The Role and Limitations of Large Language Models

models: Current applications, future Such as ChatGPT in Clinical Settings and Medical
possibilities and limitations of ChatGPT Journalism

Augustin Lecler ° o =, Loic Duron 2, Philippe Soyer ° ¢

Furkan Ufuk &=
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Data Science Institute Editorial Board Email DSI

BCN

IA en la practica clinica (FDA) ‘AlM

YEAR CLEARED

60

40

20

Welcome to ACR Data Science Institute Al Central. This site is intended to provide easy-to-access, detailed information regarding FDA cleared Al medical products that are related to radiology and other imaging domains. Our editorial board and staff are
continuously reviewing data from FDA public facing documents, vendor information and physician user feedback to provide you with up-to-date information that will help you to make appropriate purchasing decisions.

Check back regularly to see which new algorithms are available and have been added to the list. Send information on Al algorithms that are not listed and report missing information o DSI@acrorg

Best,

-
Keith J. Dreyer, DO, PhD, FACR, FSIIM 2 3 0 I A I t ]
Chairman of Editorial Board, Al Central Editorial + So u I O n S -

Board members: Christoph Wald, MD, PhD, MBA, FACR - Bibb Allen Jr., MD, FACR - Sheela Agarwal, MD, MBA - Bernardo C. Bizzo, MD, PhD - Judy W. Gichoya, MD, MS - Jay Patti, MD
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IA en la practica clinica (CE mark) (\\Qﬁw\

Al for Radiology

an implementation guide

Subscribe to our monthly newsletter  subscribe

220 IA solutions!

Products

Find the artificial intelligence based software for radiology that you are looking for.
All products listed are available for the European market (CE marked).

Subspeciality: Modality: CE© CE class® FDAclass® Sort by:

All = All = All = All ~ All = last modified ~ Search..

220/220 results

24 AI tools for breast www.AlforRadiology.com

a2 :
7/\7 VOIPara M l(OiO S® o Lunlt VIS’AGE IMAGING® ZC@\%

HEALTH PLATFORM FOR THE FUTURE — POWERED BY SPEED.

.
SCREENPOINT ) 7 P
Medical THERAPIXEL [OView azrerys VO QTJHERON
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http://www.aiforradiology.com/

. . () BCN
Marca CE no es suficiente OAIM

European Radiology (2021) 31:3797-3804
https://doi.org/10.1007/500330-021-07892-z

IMAGING INFORMATICS AND ARTIFICIAL INTELLIGENCE :‘)

Artificial intelligence in radiology: 100 commercially available
products and their scientific evidence

Kicky G. van Leeuwen' () - Steven Schalekamp' - Matthieu J. C. M. Rutten "% - Bram van Ginneken ' - Maarten de Rooij’

64% de los productos no tienen evidencia cientifica de su eficacia
Solo 18% han demostrado potencial impacto en la practica clinica

Gran variedad de estrategias de despliegue de |la tecnologia, precios, etc.
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Caso fallado por IA pero
identificado por todos los 6
observadores

* Falta de Seguridad

. .
Fa ta de TransparenCIa McKinney, S.M. et al. 2020. International

evaluation of an Al system for breast cancer
screening. Nature, 577(7788)

* Falta de Responsabilidad
* Falta de Explicabilidad

* FaltadeE qui dad Google’s breast cancer-predicting
Al research is useless without

e Falta de Usabilidad transparency, CI’lthS say Underdiagnosis bias of artificial intelligence
LY algorithms applied to chest radiographs in

under-served patient populations

The Machine
Making sense of Al

ARTICLES 7 edicine

https://doi.org/10.1038/541591-021-01595-0

M) Check for updates

Laleh Seyyed-Kalantari®'?=, Haoran Zhang®, Matthew B. A. McDermott?, Irene Y. Chen® and
Marzyeh Ghassemi®?3

Falta de Prot i0
& .
Artificial inf tellig e (Al) s ys( ms have increasingly achieved expert-level performance i medical imagin| g applications,
However, th gromg cern that such Al s; ytmsma reflect a damlfyhum n bia d educe the quality of theil eir
h torically ul d ervedp opu ulations such as female pati Black p or of lo w i
e troubling in th m ext of unde rda,g 5is, whe reby the Al al Igo rithm would inaccurately
as heallhy p otel t Ilyd laying a to:are Here, we exa e algorithmic underdiag-
if S e large h tX ydat sets, as well multl-snurce dataset. We
ision a

Clinician i " Patient
[ ]

mg uct
put ntially lead to unequal access to medical treatment, thereby raising ethi-

risks exacerbation of existing care biases and ca
r.al n:emsf the useoftll se models in the clini

NEW ACTOR(S)
Developers Hospital

El Hospital Clinic de Barcelona sufre una
Companies - Eualuators nueva filtracion de datos


https://ubarcelona-my.sharepoint.com/personal/c_izquierdo_ub_edu/Documents/Vall%20Hebron%20Report.docx?web=1

Esfuerzos de la UE (\\QAI\B&/N\

INDEPENDENT

HIGH-LEVEL EXPERT GROUP ON
ARTIFICIAL INTELLIGENCE

SET UP BY THE EUROPEAN COMMISSION

INDEPENDENT
HIGH-LEVEL EXPERT GROUP ON

ARTIFICIAL INTELLIGENCE
SET UP BY THE EUROPEAN COMMISSION

* X %

*
K & K

THE ASSESSMENT LIST FOR
TRUSTWORTHY ARTIFICIAL
INTELLIGENCE (ALTAI)

for self assessment (Julio 2020)

https://ec.europa.eu/newsroom/dae/document.cfm?doc id=68342



https://ec.europa.eu/newsroom/dae/document.cfm?doc_id=68342

.—sv

//1 \\%

-FJZIE

Ompya LYCE *

Open access Protocol

BMJ) Open Protocol for development of a reporting
guideline (TRIPOD-AI) and risk of bias
tool (PROBAST-AI) for diagnostic and
prognostic prediction model studies
based on artificial intelligence

,'? Constanza L Andaur Navarro © ?
12
.

Gary S Collins @ ,"? Paula Dhiman
Jie Ma @ " Lotty Hooft,®* Johannes B Reitsma,® Patricia Logullo
Andrew L Beam © > Lily Peng,” Ben Van Calster © %"

Maarten van Smeden © ,° Richard D Riley @ ,"" Karel GM Moons®*

Kocak et al. Insights into Imaging (2023) 14:75

https://doi.org/10.1186/513244-023-01415-8 Il]SlghtS Into In] aglng

oINIRAE" oF RipioLocy

CheckList for EvaluAtion of Radiomics m

research (CLEAR): a step-by-step reporting
guideline for authors and reviewers endorsed
by ESR and EuSoMI|

Burak Kocak'"
Lena Maier-Hein®?
Daniel Pinto dos Santos

, Bettina Baessler’®, Spyridon Bakas***®, Renato Cuocolo®®, Andrey Fedorov’

, Nathaniel Mercaldo'®"'®, Henning Miiller'*'*®, Fanny Orlhac'*

1516@, Arnaldo Stanzione'’®, Lorenzo Ugga'’® and Alex Zwanenburg'®1%%°

Iniciativas internacionales

Metrics Reloaded: Recommendations for image analysis
validation

LENA MAIER-HEIN*T, German Cancer Research Center (DKFZ), Germany, Heidelberg University, Germany, and National

Center for Tumor Diseases (NCT), Germany
ANNIKA REINKET, German Cancer Research Center (DKFZ), Germany and Heidelberg University, Germany

(X)) BCN

AlIM
=

Checklist for Artificial Intelligence in Medical Imaging
(CLAIM): A Guide for Authors and Reviewers

John Mongan, MD, PhD * Linda Moy, MD Charles E. Kabhn, [, MD, MS

Radiology:Artificial Inteligence

AAPM SCIENTIFIC REPORT MEDICAL PHYSICS

AAPM task group report 273: Recommendations on best
practices for Al and machine learning for computer-aided
diagnosis in medical imaging

Lubomir Hadjiiski' | Kenny Cha? | Heang-Ping Chan® | Karen Drukker® |
LiaMorra® | Janne J.Nappi® | Berkman Sahiner’ | Hiroyuki Yoshida® |

Quan Chen® | Thomas M. Deserno'™ | Hayit Greenspan'' | Henkjan Huisman'? |
Zhimin Huo™ | Richard Mazurchuk'® | Nicholas Petrick'®> | Daniele Regge'®'” |
Ravi Samala’® | Ronald M. Summers'® Kenji Suzuki?® | Georgia Tourassi?' |

Daniel Vergara?> | Samuel G. Armato Il

FUTURE-AI: Guiding Principles and Consensus
Recommendations for Trustworthy Artificial Intelligence in
Medical Imaging

Karim Lekadir™*, Richard Osuala®, Catherine Gallin?, Noussair Lazrak?®, Kaisar Kushibar?,
Gianna Tsakou®, Susanna Aussé®, Leonor Cerdd Alberich?, Kostas Marias®, Manolis Tsiknakis¢,
Sara Colantonio®, Nickolas Papanikolaou”, Zohaib Salahuddin®, Henry C Woodruff, Philippe
Lambinf, Luis Marti-Bonmati‘
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Al
E HOME FUTURE-AI GUIDELINES ¥ ASSESSMENT CHECKLIST CURRENT PROJECTS ¥ CONTACT US

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 solutions in
medicine and healthcare based on six guiding principles: Fairness,
Universality, Traceability, Usability, Robustness and Explainability.

www.future-ai.eu



http://www.future-ai.eu/

FUTURE-AI N

Aumentar imparcialidad entre grupos
Aumentar imparcialidad entre individuos

Aumentar interoperabilidad
Aumentar transferibilidad

Facilitar responsabilidad / redicion de cuentas
Identificar desviaciones de datos o conceptos

Aumentar la usabilidad clinica
Aumentar la adopcidn clinica

Robustez a condiciones heterogéneas
Robustez a amenaza de seguridad

Aumentar la transpacencia
Aumentar la aceptacion
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Criteria Example

Current models Performance * 0.85AUC
Metric e 0.80 F1-Score



Ideas claves

o Hay un gran “hype” actualmente en el uso de la IA (Deep learning)

9 Las aplicaciones de la IA (en salud) son diversas

A pesar de los grandes resultados, la IA tiene limitaciones

° Debemos ser conocedores de los retos actuales

Se debe trabajar en aplicaciones de IA confiable

s
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¢Por donde empiezo? OAIM

0

 ACR AI-LAB: https://ailab.acr.org/
 “Elementos de IA” https://www.elementsofai.com/es/
e https://www.fast.ai/
e https://ai.google/education/
* Pretrained models:

» Model Zoo
TensorFlow models datasets
Pythorch Hub
Papers with code
Hugging Face
medigan (generative models and synthetic dataset generation)
GitHub



https://ailab.acr.org/
https://www.elementsofai.com/es/
https://www.fast.ai/
https://ai.google/education/
https://modelzoo.co/
https://www.tensorflow.org/resources/models-datasets
https://pytorch.org/hub/
https://paperswithcode.com/
https://huggingface.co/
https://pypi.org/project/medigan/
https://github.com/
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