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* Definiciones de IA:
- John McCarthy (2004): Ciencia e ingenieria de hacer maquinas inteligentes.
« Alan Turing (1950): “; Pueden pensar las maquinas?” y la Prueba de Turing.
« Enfoques de IA:
« Enfoque humano:’
o Sistemas que piensan como humanos.
o Sistemas que actuan como humanos.
- Enfoque ideal:?
o Sistemas que piensan racionalmente.
o Sistemas que actuan racionalmente.
* Tipos de IA:
* A débil (ANI): Realiza tareas especificas (e.g., Siri, Alexa).
* IArobusta (IAG y SIA): Tedrica, inteligencia igual o superior a la humana.
« Subcampos de |A:
 Aprendizaje automatico (Machine Leaming): Requiere intervencion humana.
 Aprendizaje profundo (Deep Learning): Automatiza la extraccion de caracteristicas, usa redes neuronales
profundas.



https://edgeservices.bing.com/edgesvc/chat?udsframed=1&form=SHORUN&clientscopes=chat,noheader,udsedgeshop,channelstable,ntpquery,devtoolsapi,udsdlpconsent,udscstart,cspgrd,&shellsig=8426bb5e70183df36f911dbc1f93eca8ced35ae7&setlang=es-419&lightschemeovr=1&udsps=1&udspp=1
https://edgeservices.bing.com/edgesvc/chat?udsframed=1&form=SHORUN&clientscopes=chat,noheader,udsedgeshop,channelstable,ntpquery,devtoolsapi,udsdlpconsent,udscstart,cspgrd,&shellsig=8426bb5e70183df36f911dbc1f93eca8ced35ae7&setlang=es-419&lightschemeovr=1&udsps=1&udspp=1

Indistinquible del de un humano.



INTELIGENCIA
ARTIFICIAL (IA) (1956)

.* 'hacer que una maquina se
. comporte de maneras que
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~ inteligentes si un humano
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INTELIGENCIA HUMANA

Sistemas que piensan como
humanos:

“El esfuerzo por hacer a las
computadoras pensar ... maquinas
con mentes en el sentido amplio y

literal” (Haugeland -1985).
ENFOQUE COGNITIVO

Sistemas que actuan como
humanos:

“El estudio de como hacer
computadoras que hagan cosas que,
de momento, la gente hace mejor”
(Rich y Kight -1991). ENFOQUE
PRUEBA DE TURING

RACIONALIDAD

Sistemas que piensan
racionalmente:

“El estudio de las facultades mentales
a través del estudio de modelos
computacionales” (Charniak y
McDermott — 19859).

ENFOQUE LOGICO

Sistemas que actuan
racionalmente:

“Un campo de estudio que busca
explicar y emular el comportamiento
inteligente en términos de procesos

computacionales” (Schalkoff — 1990).
ENFOQUE DE AGENTES
RACIONALES

Fuente: Russell y Norving, Inteligencia Artificial un enfoque moderno
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WHEN DO YOU BELIEVE Al WILL REACH
THE LEVEL WHERE IT CAN DESICN
ITSELF?

https://collab.lilly.com/sitesS/VMS-MKT2023 ADMN-
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* Principios de la IA

Beneficiencia: Hacer el bien
No maI|f|C|enC|a No hacer dano
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ETICAEN LA IA

1.Proporcionalidad: La |A debe ser proporcional a los objetivos legitimos que se persiguen. I/,
2. Segurldad Debe garantlzarse la segurldad de los sistemas de IA para evitar danos.

responsables de sus sistemas. 4;_;

6.Inclusiéon y No Discriminacién: La |A debe promover la mclusm%n y eVItaP bualquzre_;_‘wor
discriminacion. 17/, =

7.Sostenibilidad: La IA debe contribuir al desarrollo sostenible y respetar él m
8.Bienestar y Beneficio Comun: La IA debe promover el bienestar humano;“ / ;benef‘mo comun
’ la /deérS|dad cultural \( el\

la IA.
» Estos principios buscan asegurar que la |IA se desarrolle y utlllce de m | etic
toda la humanidad.



CAMPOS DE
APLICACION

Learning to decode the immune system to diagnose disease

10

Blood sample Immunosequencing Machine learning Empowered care

GCC CELIAC

}.4 1

Our immune system is We read every immune We generate a map of the This map of the immune

a very sophisticated cell that stores that immune system by matching system will be used by

diagnostic machine diagnostic information trillions of T cells to the doctors and researchers to
diseases they recognize improve disease diagnosis

ﬂdapt'lve =" Microsoft




INM%?LgGIA :%Z%/llNMUNOLOGiA LILLY Y EL USO DE LA IA

« COMO LO HACE LILLY i
. USOS DE LA Al DESARROLLO DE MOLECULAS
* INTRODUCCION AL MEDICO (MACHINE LEARNING) - Al
e DEMO COPILOT 6 s T i

« Al_Capability v3 FIFTH.mp4 (lilly.com)



https://now.lilly.com/news/Generative-AI-powers-Model-Driven-Drug-Discovery-with-unprecedented-speed-and-scale
https://now.lilly.com/news/Generative-AI-powers-Model-Driven-Drug-Discovery-with-unprecedented-speed-and-scale

INM%?L%)GIA : | INMUNOLOGIA LILLY Y EL USO DE LA IA
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Dr. Med David Vega-Morales

@ Médico Infernista con especialidad en Reumatologia e

Inmunologia Clinica

@ Maestria en Ciencias Médicas y Doctorado en Medicina
@ Reumatdlogo en IMSSHGZ 17, Monterrey
@ Reumatdlogo en CAB Medical Center

@ Profesor de Clinica de Reumatologia y del Doctorado en
Ciencias Clinicas de la Escuela de Medicina y Ciencias de la
Salud del Tecnoldgico de Monterrey

@ Sistema Nacional de Investigadores Nivel |l

Speaker para AbbVie, BMS, GSK, Eli Llilly, Roche, UCB
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« Percepcion de los profesionales de la salud

« 5Qué es el Machine Learning (ML)¢

« Inteligencia artificial (ML) en Reumatologia

» Requisitos para publicar sobre inteligencia artificial (ML)
 Utilidad de ML en imagen

 Utilidad de ML biopsia sinovial
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« Percepcion de los profesionales de la salud

« 5Qué es el Machine Learning (ML)?¢

* Inteligencia artificial (ML) en Reumatologio

» Requisitos para publicar sobre inteligencia artificial (ML)
 Utilidad de ML en imagen

» Utilidad de ML biopsia sinovial




¢Ayuda o amenaza? Encuesta Argentina 2024 sobre la inteligencia e
artificial en medicina INMUNOLOGIA

Matias A. Loewy | 22 de agosto de 2024 | Autores

Encuesta
Inteligencia artificial
en medicina:
¢Ayuda o amenaza?

Argentina 2024

Medscape
EN ESPANOL

% INMUNOLOGIA




Metodologia

7’1{.@%‘:
Método de encuesta INMUNOLOGIA
Las y los médicos fueron invitados a participar de una encuesta

en linea de 7 a 8 minutos.

Requisitos

Los y las participantes tenian que ser médicos residiendo y 1

ejerciendo en Argentina. Periodo de recopilacion de datos
11 de enero a 14 de marzo de 2024.

Tamano de la muestra |

805 profesionales médicos de Argentina completaron la encuesta Error muestral

. El margen de error para los médicos que contestaron segun

las distintas categorias oscilo entre + 3,45% y + 18,86%, con
un nivel de confianza de 95% y un estimador puntual de 50%.

Nota: Los hallazgos de este informe se basan en datos no
ponderados, recopilados de una muestra aleatoria de miembros
de Medscape en espanol y no son necesariamente proyectables |
a una poblacion mas grande. |

% | INMUNOLOGIA




Demografia
Sexo
59% T $ 41%
Edad (en anos)
0 18%
) 13% L 4% 15%
7% 6% 9%

<40 40a44 45a49 50354 55a b9 6{]364 55369 >70
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Especialidad

Cardiologia: 18%

Psiquiatria: 11%

Pediatria: 8%

Clinica médica/medicina interna: 7%
Medicina familiar: 5%
Ginecologia/tocoginecologia: 5%
Cirugia general: 4%
Endocrinologia: 4%
Dermatologia: 2%

Diagndstico por imagenes: 2%
Infectologia: 2%

Medicina del trabajo: 2%
Nefrologia: 2%

Neurologia: 2%

Urologia: 2%

Alergia e inmunologia: 1%
Anatomia patoldgica: 1%
Anestesia: 1%

Cardiologia infantil: 1%
Cirugia de cabeza y cuello: 1%
Geriatria: 1%

Hematologia: 1%

Mastologia: 1%

Medicina legal: 1%

Medicina sanitaria: 1%
Neonatologia: 1%
Neurocirugia: 1%

Nutricion; 1%

Obstetricia: 1%

Oftalmologia: 1%

Oncologia clinica: 1%
Ortopedia y traumatologia: 1%
Otorrinolaringologia: 1%
Psiquiatria infantil: 1%
Reumatologia: 1%

Terapia intensiva: 1%

Otros: 5%

% INMUNOLOGIA



¢Cual es su grado de conocimiento sobre el uso a3
de la inteligencia artificial en el ambito médico? INMUNOLOGIA

Conozco muy bien sobre el tema 1%
Conozco algo sobre el tema 68%
Desconozco por completo sobre el tema 21%

;Hasta qué punto es importante que los médicos
se informen sobre las aplicaciones de la
inteligencia artificial en el ambito médico?

93% ® Muy importante
7% ® Algo importante
1% ® Nada importante

%Z%/ | INMUNOLOGIA




INMUNOLOGIA

;Como ve el futuro de la inteligencia artificial en
el ambito médico?

57% ® Con entusiasmo
26% @ Neutral
17% ® Con preocupacion

c%%/ | INMUNOLOGIA
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;Ddénde utiliza y donde contempla usar la i
inteligencia artificial en el ambito laboral? INMUNOLOGIA

® Actualmente la utilizo @ Consideraria usarla ® No consideraria usarla

Resumir la historia clinica de un paciente Tareas administrativas en el consultorio
antes de su consulta

13% 73% 14%
8% 72%

C Programacion del personal
Diagnostico

8% 65% 27%

9%

Tratamiento Programacién de pacientes

6% o 49% 10% 69% 21%

Investigacion de enfermedades Actualizar la historia clinica electronica

16% 70% 10% 72% 18%

Predecir el pronéstico de una patologia en un paciente Comunicaciones con los pacien[es

8% 61% 31%

7% 44% 49%

Utilizar la conversacion en la consulta Otros
para generar una nota clinica

10%

6% 52%

:% INMUNOLOGIA
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;Deberia existir supervisién gubernamental o de INMW%G'A
las asociaciones médicas sobre el uso de la
inteligencia artificial?

72% ® Si
7% ® No
21% ® No estoy seguro(a)

:Deberia existir un marco juridico para el uso de
la inteligencia artificial en medicina?

84% ® Si
4% ® No
12% ® No estoy seguro(a)

c%ééy | INMUNOLOGIA



;Qué probabilidad hay de que los pacientes que [ 20
usan inteligencia artificial generativa (p. €j., INMUNOLOGIA
ChatGPT, Bard, Bing) para obtener informacion

meédica reciban informacion erronea?

@ Muy probable @ Algo probable @ Poco probable ® Nada probable

45% 47% 7%

¢Cuanto le preocupa que las y los pacientes que
1% gue intentan autodiagnosticarse tomen mas en
cuenta la respuesta de la inteligencia artificial
que la experiencia del medico?

Me preocupa mucho 50%
Me preocupa un poco 31%
No me preocupa mucho 14%
No me preocupa en absoluto 5%

c%%z | INMUNOLOGIA



:Qué especialidad cree que se beneficia mas de

la inteligencia artificial?

Anatomia Patoldgica

Anestesia

Bacteriologia

Cardiologia

Cirugia Cardiovascular

Cirugia General

Cirugia Plastica y Reparadora
Clinica Médica / Medicina Interna
Dermatologia

Diagndstico por Imagenes
Enfermedades Infecciosas / Infectologia
Epidemiologia

Farmacologia

Genética Médica

Higiene Industrial

Higiene y Medicina Preventiva

2%
1%
1%
2%
1%
1%
1%
%
1%
25%
1%
4%
2%
2%
1%
1%

Medicina Aeronautica y Espacial
Medicina del Trabajo

Medicina Familiar

Medicina Legal

Medicina Nuclear

Medicina Sanitaria

Neurologia

Oncologia (Clinica)

Psiquiatria

Radiologia

Radioterapia (Terapia Radiante)
Salud Publica

Terapia Intensiva

Toxicologia

Otra

W 20
INMUNOLOGIA

1%
1%
1%
1%
1%
1%
1%
2%
1%
4%
1%
5%
1%
1%
24%
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5Quée es el Machine Learning (ML)¢

Inteligencia artificial (ML) en Reumatologia
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5»QUe es machine learning? i

Machine learning es el subcampo de ciencias de

la computacion, que da a las computadoras lo
habilidad de aprender sin ser explicitamente

programadas

Arthur Samuel

Pionero americano en el campo de juegos
de computadora e inteligencia artificial,
acuno el término "machine learning” en

1959 en IBM

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revision 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

sEsta es una célula benigna o maligna? ..

Attenuation

ot

ID  Clump UnifSize UnifShape MargAdh SingEpiSize BareNuc BlandChrom NormNucl Mit  Class
3

1000015 6 1 1 1 1

1 7 1
’ | INMUNOLOGIA

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automaético-con-phyton.una-introduccién-practica-course. Ultima revision 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

20

iMachine learning ayuda con predicciones! o,

~§ 1000025 5 1 1 1 2 1 3 1 1  benign
- 1002945 5 4 R 5 7 10 3 2 1  benign
- § 1015425 3 1 1 1 2 2 3 1 1 malignant
. § 1016277 6 8 8 1 3 R 3 7 1  benign
1 1017023 4 1 1 3 2 1 3 1 1  benign
1017122 8 10 10 8 7 10 7 1 malignant Modeling
1018099 1 1 1 1 2 10 3 1 1 benign
1018561 2 1 2 H 2 1 3 1 1  benign
B 1033078 2 1 1 1 2 1 1 1 5  benign
- B 1033078 4 2 1 1 2 1 2 1 1  benien
v
- ID  Clump UnifSize UnifShape MargAdh SingEpiSize BareNuc BlandChrom NormNucl Class Prediction o Smmisese e
';""1 1000015 6 1 1 1 7 1 3 1 1{Benign i © %
S~
Accuracy = 89%
” | INMUNOLOGIA

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revisién 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

5COmo funciona machine learninge wia,

Else if f2="NO’ and f3=5 and f4<1 and
f8<10 then Cat
If f1="YES' and f2<2 or f8="YES' then
. Cat
Else if f2='NO’ and f3=5 and f4<1 and Bird
f6=5 and f7<1 then Fish
@ KL A Fish

Bird
Feature Extraction A set of rules

| INMUNOLOGIA
IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revisién 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

5CoOmo funciona machine learninge .

R
- @

- -’ .| Bird ’
@ \@ J | Fish ‘

Feature Extraction A Machine Learning Model

o0
o0
P

% | INMUNOLOGIA

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revisién 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

7’\/-33» 3

Técnicas principales de machine learning e

Regresion/Estimacion
- Predecir valores continuos

Clasificacion
- Predecir la clase/categoria del elemento de un caso

Agrupamiento
- Encontrar la estructura de los datos: resumir

Asociaciones
- Asociar elementos/eventos que coexisten con frecuencia

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automdtico-con-phyton.una-introduccién-practica-course. Ultima revisién 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

4 ° © © 7"{-&»3(: :
. Que es aprendizaje supervisado?

3-Class classification (k = 15, weights = ‘uniform’)

Se Yensena al modelo”,
g . posteriormente, con ese
sha, LS | conocimiento, puede
e, | predecirinstancias
desconocidas o futuras

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revision 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

20

Ensenar al modelo con L
datos etiquetados

‘ ID | Clump UnifSize UnifShape MargAdh SingEpiSize BareNuc BlandChrom NormNucl Mit| Class
1000025 5 1 1 1 2 1 3 1 1 | benign
1002945 5 4 4 5 7 10 3 2 1 | benign

1015425 3 1 1 1 2 2 3 1 1 |malignant
1016277 6 8 8 1 3 a 3 7 1 | benign
1017023 4 1 1 3 2 1 3 1 1 | benign

—=> 1017122 8 10 10 - 7 10 7 1 |malignant
1018099 1 1 1 1 2 10 3 1 1 | benign
1018561 2 1 2 H 2 1 3 1 1 | benign
1033078 2 1 1 1 2 1 1 1 5 | benign
1033078 4 2 1 1 2 1 2 1 1 | benign

% | INMUNOLOGIA

IBM: Machine Learning. www .edx.org/course/machine-learing-aprendizaje-automdtico-con-phyton.una-introduccién-practica-course. Ultima revision 01092024
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Tipo de aprendizaje supervisado S

Classification Regression |

———
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;. Qué es clasificacion

?

INMUNOLOGIA

Clasificacion es el proceso de predecir
etiguetas o categorias de clase discretas
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;. Qué es regresion? r+uRLoai

Regresion es el proceso de predecir
valores continuos
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; Qué es aprendizaje no supervisado?

Customer id Age Edu Years Employed Income Card Debt Other Debt Address DebtincomeRatio

41
47
i3
29
47
40
i8
42
26
47
4l
34

0 N WV Dd WN -

T
N o D W

N W W W N = NN

6
26
10

4
31
23

19
100
57
15
253
81
56
S
18
115
88
40

0.124
4582
6.111
06381
9.308
0.998
0.442
0.279
0.575
0.653
0.285
0374

1.073 NBADO1
8.218 NBAD21
5.802 NBAD13
0.516 NBADOS
8.908 NBADOS
7.831 NBAD16
0.454 NBAD13
3.945 NBADOS
2.215 NBADO6
3.947 NBAD11
5.083 NBAD10O
0.266 NBADO3

63
128
209

63

7.2
109

16

6.6
155

4

6.1

16
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Técnicas de aprendizaje

no supervisado

- Reduccion de
dimensiones

- Estimacion de

densidades

Andlisis de la canasta

de mercado

- Agrupamiento

El modelo funciona por si mismo para descubrir informacion

IBM: Machine Learning. www.edx.org/course/machine-learning-aprendizaje-automatico-con-phyton.una-introduccién-practica-course. Ultima revisién 01092024
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¢ Qué es agrupamiento (Clustering)? wrdo

Clustering es el agrupamiento de St uster 1
puntos de datos u objetos que son “ .
de alguna manera similares por: 3 I o frong NSRS
- Descubrimiento de estructura = : '~ .
- Resumir :
- Deteccion de anomalias :’ cfustér‘z
Ly T T 7 T

As
o.J
'l

IBM: Machine Learning. www.edx.org/course/machine-leaming-aprendizaje-automdtico-con-phyton.una-intfroducciéon-practica-course.
Ultima revision 01092024



http://www.edx.org/course/machine-learning-aprendizaje-automático-con-phyton.una-introducción-practica-course

7’»{7@ 51 :
INMUNOLOGIA

« Percepcion de los profesionales de la salud

« 5QUE es el Machine Learning (ML) 2

 Inteligencia artificial (ML) en Reumatologia

» Requisitos para publicar sobre inteligencia artificial (ML)
 Utilidad de ML en imagen

 Utilidad de ML biopsia sinovial




INMUNOLOGIA

Rheumatol Ther (2022) 9:1249-1304
https://do1.org/10.1007/s40744-022-00475-4

REVIEW

Artificial Intelligence in Rheumatoid Arthritis:
Current Status and Future Perspectives: A State-of-the-
Art Review

Sara Momtazmanesh - Ali Nowroozi - Nima Rezaei




/ / Compound libraries
// (for de novo drug discovery)

The variety of
input data
sources for Al

\ Demographic data |

Fig. 1 The variety of input data sources for artificial intelligence (AI) models, C7" computed tomography, MRI magnetic

resonance imaging, US ultrasound
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Support
vector

machine
(SVM)

SVM is used to classify data by finding
the most appropriate  dividing
hyperplane. Compared to logistic
regression, SVM considers samples
near the decision boundary more
strongly, which weakens the effect of
outliers on the models

1 7"{35» 31
Hyperplane 'NMUNOLOG'A

Decision
tree

Using a tree-like structure, the decision
tree represents relationships detected in
the training dataset. The root (starting
node) is the input data, which is
connected to the output label
represented as leaves (terminal nodes)
via internal nodes. The internal nodes
are decisions determining the branch
onto which the model moves

Decision
DILUELEY Decislon
I
e o

Leaf Decision

Node Node '
Leoal Loal
Node Node
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Random forest models combine or

Random ensemble predictions of multiple
forest decision trees to generate more precise
predictions

_ ‘ - 7‘{ 20)
."r:: - INMUNOLOGIA

Naive Bayes is used to classify data by
applying Bayes’s theorem, which
considers the variables independent
from each other. This is a fundamental
limitation of this method, as the
variables are not completely
independent in many settings. This
classifier calculates the probability of
cach class for different inputs in a
variable during training. Then, it
calculates the more probable class for
a new data point by calculating the
probability of each class for each
variable within the data independently

Naive Bayes

Momtazmanesh S. Rheum Therapy 2022.
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K-Nearest
Neighbor
(kNN)

kNN is a non-parametric supervised
model used for classification and
regression. It predicts the category or
continuous value of a new data point
by considering the nearest neighbors
(data points) to the new unknown
variable

L

Artificial
neural
network

An artificial neural network is a
collection of simple nodes, also known
as units or neurons, arranged in layers.

Each neuron applies a function on the
input and passes the output to the next
layer. The layers between the input and
output layers are usually hidden

Input layer

Hidden layers

Output layer

Momtazmanesh S. Rheum Therapy 2022.
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Minimum information about clinical artificial intelligence
modeling: the MI-CLAIM checklist
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Fig. 1.

v .
Train,
validate Lo
*
v

End-to-end pipeline
replication

A schematic representation of the six components of a clinical Al study.

PE——

Part 1

Part 2

Part 3

Part 4

Part 5

Part 6

Norgeot B, et al. Nat Med 2020.



Belore paper submission

20

or 2
Study design (Part 1) INMZJL(NOL(sGIA

The clinical problem in which the model will be employed is clearly detailed in the paper.

The research question is clearly stated.

The characteristics of the cohorts (training and test sets) are detailed in the text.

The cohorts (training and test sets) are shown to be representative ol real-world clinical settings.

The state-of-the-art solution used as a baseline for comparison has been identified and detailed.

Data and optimization (Parts 2, 3)

The origin of the data is described and the original format is detailed in the paper.

Transformations of the data before it is applied to the proposed model are described. ‘

The independence between training and test sets has been proven in the paper.

Details on the models that were evaluated and the code developed to select the best model are provided.

% INMUNOLOGIA

Is the input data type structured or unstructured?

Norgeot B, et al. Nat Med 2020.
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Model performance (Part 4)

The primary metric selected to evaluate algorithm performance (e.g., AUC, F-score, etc.), including the justification for selection, has been clearly
stated.

The primary metric selected to evaluate the clinical utility of the model (e.g., PPV, NNT, etc.), including the justification for selection, has been
clearly stated.

The performance comparison between baseline and proposed model is presented with the appropniate statistical significance.

Model examination (Part 5)

" . . o
Examination techmque |

. . s F |
Examination techmque 2

A discussion of the relevance of the examination results with respect to model/algonthm performance 1s presented.

A discussion of the feasibility and significance of model interpretability at the case level if examination methods are uninterpretable is presented.

A discussion of the rehiability and robustness of the model as the underlying data distribution shafts 1s included.

Reproducibility (Part 6): choose appropriate tier of transparency

% INMUNOLOGIA

Norgeot B, et al. Nat Med 2020.
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Tier 1: complete sharing of the code

Tier 2: allow a third party to evaluate the code for accuracy/fairness; share the results of this evaluation

Tier 3: release of a virtual machine (binary) for running the code on new data without sharing its details

Tier 4: no sharing

Norgeot B, et al. Nat Med 2020.
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Table 4 Studics incorporating Al for dis.gnusis of RA using imaging data

First Muodel Algorithms applied Maw, of data Type of the primary Validation, Objective Prominent Outcomes presented Comparison with
author data Tese conventional methods if
performed
W et al Supervised DienseiMee Ra = 1337 Ultrasound images [the Holdoue test set To clasify synovial Synovial proliferation (5P)-no versus 8P-  MN/A
{2022) (E]18 (L0 = 313, wrist, proximal pu"ulifur.:ti.-i:-n in ves [grade L versus grades L1 and L2
[7&] L1 = 657, int-l:rph:l.tngl:d, anid ultrasound images and L3 in OESS): AUC = (UERS [95%
L2 = 178, the MCP of pacients with CIOLB3G, (L9346), accuracy = 82.1%,
L3 = 189) R senstivity = T0.0%, specificey = 94.3%
Healehy versus Diseased (grades L and
L1 werius grades L2 and L3):
AUC = 0916 (95%% CI 0883, 0.952),
accuracy = LA, scnsitivity = LA,
specificiey = 70.0%
Alarcon- Supl:n-i.ll.'d A collection of Tr:i:rl.inE Thermal and RGB Tenfold cros- T -:I-L'\.-L'l-::-F an Ri:B :Lm:gn.. age, and grip force: random N/A
Paredes ML classibers, including RA = 100 irnages m.'d:-rd:ing validation, algorithm faur forest
er al m. bocess, and Controls 100 Eripping Lndl:p-unﬂl.'nt d.mpm:l.: o RA accuracy = (U945, sensacvity = U541,
FH12 - . - = s | 5 | . . '
{2021) wrapper beature foece -+ demographic validamon set UKITL E28Y-Bi ificity = 0.95, AUC = 0.962
lﬂi] selection method Test: dat aciquire variahles
i Thermal II.I:I'II.F.. age, and grip fovree:
Ra =18 random forese:
Controls = 20 accuzacy = (0L90, sendevity = (LBEE,
specificity = 0912, AUC = (0,954
Mate e al SIJ'IEI’\'i.lI:I:I O, BWVR, ANM A = 160 Hand X-ray Part of data a3 To dj:pu:l.' RA using, L‘:i.ng M cCuracy = S G, MNiA
(2021 ML Conrols = 130 test set hand X-ray sensativity = (.95, :pi:-l:iﬁuit:,- = (L§2
[67]
Ureten Sup:n'i.'ll.'l:l CINM Testing set: Hand X-ray Part of data as To diagnose BA wing  Inflammatory arthritis MiA
et al. 3L RA = 15 test st hand X-ray accuracy = 73330,
{2020) sensativity = (LGELE,
[68] Conrols = 20 specificity = 0.7826, precision = 0,75,

ercor rate = QUOLGET




—

First Maodel Algorithms applied Mo, of data Type of the primary Validation/ Ofbjective Prominent Outcomes presented Comparison with )
authar dara Test conventional methods if W :g I
Adzenkberg Supervised atlas-based Training = 56 Wose MR [T1-Gd Leave-one-out Automatic Accuracy of atlas-based segmentation Yes, correlation with visual
et al. \ ML SERITREOLALion, fuey Validation = 485 scans) cross- L]uintiﬁciti.un of compared to manual segmentation: BME -: aress + = (L83,
[20h18) Comeans cluseering validation buane marrow Lowest recall i pisiform o= ldee
[74) edesms in ey {mean + 5D) = 0.58 + 0.09
arthritis
Highess recall in capitase
{mean £ 50 = 082 £ (.03
Murakami Supervized MEGVFE Snakes Training: Hianad X-ray Threefold cross-  identification of bone True-positive rate {sensigviey] = B05%, MYA
et al. DL u]_gurithm amd A = 90 validation, crosiong Full.l.'-F-:mit:ivc rate = (L84%
(2017 DCNM classifier [ndependent
(73] Controls = 39 testing
T dataset
RA = 30
C::Fliuiu Eupun'isocd Autranatic RA = 32 Pre-and post-contrast WA To determine Ful]uwing segrmentation of werist bones and  Tes: Manual werius
et al. ML segrentation wrist MRI inflamed '.]-'nu-.'ial aukcunatic quantiﬁcatiun of volume of awtomateed
(2015} membrane volume synovitis: Correlation bevween the cotal segmenation: Pearson’s
[7&] RAMRIS score and the total volume of coctheient of
SyTANVitis {autermased .1|:Ern|:nt=ti.un'j: correlation = &L,
ri = 087, which 15 as same a5 manual o= W]
segmentation
Tiipter Supervised 3 segmentation N=I18 HE-pQCT wof the A Chantification of for erosions with volumes = 10 mm®: Yes, The correation
et al. DL scconed b0 fourt bone crosions Intrasperator precision error = 302%.1 between manual
(20014} mietacarpophalangeal 092 mm’, [nteroperator precision measurements and
[72] Jents error = 5.99%,1.53 mm® segrentation volumes:

for smaller erosions [ntraogerator precision
error = &.11%/0.32 mm-, Interoperator
precision ercor = §27%,0.35 mm”

Intrul:lpnitm and interogeeratar precision
crrar for erosions segmented fu]l]:

awtomatically < manually edited erosions

bl
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Table 1 Patient characteristics

Lasdddn

Feature OA RA p-value
N=147 N=60

Age, mean (SD) 65.2 (6.6) 640(9.) 032
Sex: female 90 (61.2%) 50 (83.3%) 0.002
BMI, median (IQR) 300(27.1, 3) 28.1(23.7,332) 0.006
Race 0.95

White 117 (79.6%) 46 (76.7%)

Asian 8 (5.4%) 3 (5.0%)

Black 15 (10.2%) 6 (10.0%)

Other’ 4 (2.7%) 2(3.3%)

Missing 3 (2.0%) 3 (5.0%)
History of cigarette use 55(37.4%) 36 (60.0%) 0.003
ESR (mm/hr), median (IQR) 14 (6.5, 25.5) 145 (75, 25.5) 050
CRP, median (IQR) 0.16 (0.08, 0.36) 1.05 (0.0, 2.4) <0.001
RF positive 1 (0.79%) 30 (50.0%)

Missing 3 (5.0%)
Anti-CCP interpretation

Negative 147 (100.0%) 12 (20.0%)

Positive: 1-3x ULN 13 (21.7%)

High positive: >3x ULN 34 (56.7%)

Missing 1 (1.7%)
DAS28-ESR, mean (SD) n/a 39(1.2) n/a
DAS28-CRP, mean (SD) n/a 38(13) n/a
Duration since diagnosis, median (IQR) 7.2(3.2,150) 12.1(3.7,194) 0.032
Duration since symptom onset, median (IQR) 106 (5.7, 196) 149 (4.7,225) 0.34

P —

Mehta B, et al. Arth Res Ther 2023.




Moan cell density = 1378 cels/mm? Mean coll donsity = 4433 celis/mm? Mean cell density = 6142 celis/mm?
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Fig. 1 Representative images of varying nuclei densities
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Fig.2 Overview of the analysis pipeline. OA ostecarthritis, RA rheumatoid arthritis, AUC area under receiver operating characteristic curves. Created

with BioRendercom
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Table 3 Feature importance, macro area under receiver operating characteristic curves (macro-AUC), and optimal thresholds of the
synovial features in distinguishing OA and RA patients

20
Feature Feature macro-AUC Optimal threshold INMTJ{N‘%;L;SGIA
importance® OA vs RAP
Mast cells 034 0.80 Present vs none
Automated cell density 0.25 0.88 <3400° cells/mm?
Fibrosis 0.11 0.84 Focal and widespread vs none
Lining hyperplasia 0.10 0.78 Normal lining or 2-3 cells thick vs >3-4 cells thick or > 4 cells thick
Fibrin 0.05 068 None vs present
Sub-lining giant cells 0.05 057 None vs present
Lymphocytic inflammation 004 0.69 None and mild (0-1 perivascular aggregates per low power field) vs
marked (both perivascular and widespread interstitial aggregates) and
band-like
Neutrophils 002 0.60 None vs present
Detritus 0.01 064 Absent vs present (small or large particles)
Plasma cells 001 0.66 <50% plasma cells
Binucleate plasma cells 001 0.60 None vs present
Synovial giant cells 0.01 058 None vs present
Germinal centers 0.01 051 None vs present
Mucoid change 0.00 0.50 Mo optimal threshold
Russell bodies 0.00 0.56 None vs present

macro-AUC macro area under the receiver operating curve

2 Feature importance scores represent scores for the supervised machine learning model including all fourteen pathology scores and the computer vision-generated
cell density

® See the Appendix for a full list of categorical variables

¢ Computer vision-quantified cell density measured in mean cells per mm? of tissue

oLl | INMUNOLOGIA

Mehta B, et al. Arth Res Ther 2023.
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Fig. 3 Discovery of optimal thresholds for the top four mest predictive histology features to discriminate synovial tissue samples from patients with
OA from those with RA. A Raw histology feature scores in patients with OA and RA. B AUC curves extracted from Random Forest machine learning
maodel. € Distribution of raw OA and RA histology feature scores and optimal threshold values extracted fromm Random Forest machine learning
model. D Percent of OA and RA samples above or below optimal thresholds identified in C. OA osteocarthritis, RA rheumatoid arthritis, AUC area
under the receiver operating characteristic curves
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5COmMo es el
proceso mental de
un dermatdlogo?

\ Skin disease

@ El cerebro del dermatdlogo es una magquina
procesadora de imagenes para la resolucion de problemas
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Inteligencia Arfificial en
el reconocimiento de
imagenes.

Redes neuronales
convolucionales.

¢ Qué son las redes neuronales convolucionales? | IBM. Last review. 05092024.



https://www.ibm.com/mx-es/topics/convolutional-neural-networks
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La inteligencia artificial se

INspIra y se eficientiza a partir
de modelos bioldgicos.
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\ J | J | J
|

: | .
Dense Pooling Convolution Pooling Convolution  Convolution
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¢ Qué son las redes neuronales convolucionales? | IBM. Last review. 05092024.
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Redes neuronales convolucionales.
Machine learning mas aplicado en dermatologia

Fully Fully
nnected Connected

Output Predictions

dog (0.01)
cat (0,04)
boat (0,94)
bird (0,02)

Convolution Pooling Convolution Pooling Co

|\ L e

¢ Qué son las redes neuronales convolucionales? | IBM. Last review. 05092024.
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Redes neuronales convolucionales  plad
profundas en dermatologia : E

Pre-entfrenamiento con 1.28 millones de imdagenes:
Clasificacion en una taxonomia de 2032 enfermedades

Para validar el algortimo se afind con imdgenes probadas

con dermatoscopia y biopsia.
Se compard con 21 dermatdlogos certificados Stanford

* Epsdermal banign

* Epsdermal malignant
Malanocytic barmgn

= Malanocytic malignant

Squamous cell carcinomas

Skin disease

‘%7 INMUNOLOGIA

Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Der matologist-level classification of skin cancer with deep neural networks. Nature. 2017 Feb
2;542(7639):115-118. doi: 10.1038/nature21056. Epub 2017 Jan 25. Erratum in: Nature. 2017 Jun 28;546(7660):686..
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Pt

Redes neuronales NORGLGIA
convolucionales
profundas

@ Acral-lentiginous melanoma
® Amelanotic melanoma

@ Lentigo melanoma

L ]

:lli
® Blue nevus

® Halo nevus
® Mongolian spot
L ]
T
Convolution
Moo : 4 @ 92% malignant melanacytic lesion
"35:'1M .
- Fully connec oge 7 o
- Softmax Se utilizo un software de Redes Neuronales Convolucionales:
GoogleNet Inception v3 para el procesamiento y refinamiento
de 1.28 millones de imagenes. % © 8% benign melanocytic lesion

ot%y’ INMUNOLOGIA

Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Der matologist-level classification of skin cancer with deep neural networks. Nature. 2017 Feb
2;542(7639):115-118. doi: 10.1038/nature21056. Epub 2017 Jan 25. Erratum in: Nature. 2017 Jun 28;546(7660):686..
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Watson @l VS Ken Jennings
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Desempeno en la clasificacion de cdancer de piel: "
Deep Learning CNN vs Dermatologos Certificados P

Melanoma: 130 images Melanoma: 111 dermoscopy images

a Carcinoma: 135 Images
1 . 1 . 1
-
‘ﬂ}
= = 2=
=
& S ! §
T = :
§ g 12 -
o 7] 7))
= Algonthm: AUC = 0.96 = pgorithrm: AUC = 0.94 = Mgonthm: AUC = 0.91
* Dermatologests [25) * Dermatologests (22) * Dermatologests (21)
* Averagt Cermatokogest * Average dermatologest * Mover a0 Germatohogest
0 0 0
1 0 1 0 1
Sansilivity

0
Sensitivity Sensitivity
Melanoma: 1,010 dermoscopy images

Melanoma: 225 images

b Carcinoma: 707 images

Specificity
Specificity

Specificity

= Algocthen: ALC = 0.96 D—Mgonmu.}c-ow
1

= Algorthm: AUC = 0.96
0 0
0 1 0 1 0
Sensitivity Sensitivity Sensitivity
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Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Der matologist-level classification of skin cancer with deep neural networks. Nature. 2017 Feb
2;542(7639):115-118. doi: 10.1038/nature21056. Epub 2017 Jan 25. Erratum in: Nature. 2017 Jun 28;546(7660):686..
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Modelo del aprendizaje automatico

IMAGENES
LEARNING
ieenci ifici —Set de entrenamiento — Desarrollo de algoritmo
IntellgLnOa artlfiClal REFERENCIA de categorizacion
EXTERNA |

Set de prueba —— Comprobacion de la

Interpretacion de S :
precision del algoritmo

Mineria de datos bl
dermatopatdlogo y
diagnadstico o

categorizacion LS

Pruebas adicionales — Revisién y despliegue

- ) del algoritmo
(benigho/maligno)

Machine learning
Redes neuronales Nt <7879

g o Jm ° KIXK2 °©

— *—9—9
Input Feature extraction Classification Output
Deep learning Deep Learning
© t—js?ﬁg;wx—gl >
*—0 0 —9
Input Feature extraction + Classification Output
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Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Der matologist-level classification of skin cancer with deep neural networks. Nature. 2017 Feb
2;542(7639):115-118. doi: 10.1038/nature21056. Epub 2017 Jan 25. Erratum in: Nature. 2017 Jun 28;546(7660):686..
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Usos de las redes neurales A
convolucionales en la vida diaria

Captura de imagenes medicas:
radiologia, patologia, derma etc...

Procesamiento de audio: patrones

de voz al pronunciar una palabra
‘Yoye siri”

Deteccidon de objetos: conduccidn
autonoma, pilotos automaticos.

i ._-l’
‘ ‘@"‘v_a |

0~
& [[C

Introduccion a las redes neuronales convolucionales: Guia completa de las CNN en el aprendizaje profundo | DataCamp


https://www.datacamp.com/es/tutorial/introduction-to-convolutional-neural-networks-cnns
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| Usos de las redes neurales convolucionales .NM%”ﬁOLaem
[ ]
en imagen
Input Image Vectorized Output Classification
for Classification Feature Vector Probabilities

Maps 121, 22, 23, 24)

1—0.1 0.02 Normal

GLO000000

erofofolojololore

Convolutional Fully Connected Softm‘ax
Neural n Function
ayers
Network

¥ INAMY NI 2 ' 4 A
INMUNOLOGIA

Clasificacion de imagenes médicas de Rayos-X mediante redes neuronales convolucionales. https://uvadoc.uva.es/handle/10324/50444
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| Otros usos de ML y DL en Dermatologia N A

Psoriasis

Tratamiento
topico.

—>

Deep Learning con Tratamiento

Redes Neurales

Convolucionales SiSTé m iCO .

%@y | INMUNOLOGIA

Iglesias-Puzas A, et al. Deep Learning and Mathematical Models in Dermatology. Act Dermosifiliogr 2020;111(3).
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ACNE

A

> skianaAcne

analytics

ACNE: 5%

Tratamiento
e Té p |C O

—

Deep Learning con .
-~ skianaAcne Redes Neurales TrOTO m|eﬂTO
ok Convolucionales SiSTé M iCO

ERITEMA DIFUSO: 1%

GRADO: MODERADO

¥ INAD NI 2 Y4 A
INMUNULDGIA

Iglesias-Puzas A, et al. Deep Learning and Mathematical Models in Dermatology. Act Dermosifiliogr 2020;111(3).



Machine Learning para predecir artritis psoriasica Wi N

PsA es una enfermedad inflamatoria asociada a
psoriasis

Enfermedad rara (0.5%) pero ocurre en 30% de |los
casos PsO

Tardar mas de 6 meses en referir a reumatologia
confiere peor prondstico

ONMCHOLIS\S XRAY
Diagndstico dificil ya que no hay biomarcadores y la & MFL;STTOWR\AO:E{Z
clinica puede ser leve KTHR‘TS
La heredabilidad de PsA es tan alta como el 80%, mucho A - ~L ?so:ms
mas que PsO A k ,
ANTERAOR. i
Esto sugiere que debe existir una MEDIDA DE RIESGO
GENETICO.
Lze,

Iglesias-Puzas A, et al. Deep Learning and Mathematical Models in Dermatology. Act Dermosifiliogr 2020;111(3).



! Machine Learning para predecir PsA A
PSORIASIS

ARTICLE

W

Genetic signature to provide robust risk
assessment of psoriatic arthritis development
in psoriasis patients

Table 1 Number of patients and markers in each Genetic Cohort a b
Cohorts Phasing and imputation \
ho - ’ d well-imputed (Fonec)
Cohort Patients Markers (genotyped and well-imputed) “omech, ¥ [ With PAGE ] [ Without PAGE ]
'd N
PsV  PsA PsC Control Genotyped SNPa INDEL® HLA/AA®  Total [_Kel ] mputation e
PAGE
PsA GWAS 1430 1430 NA 1417 972453 17,510,941 1,278,891 1251 18,791,083 Phenelyping Papotype | Fuman 1900 || Diaetes v v
CASP GWAS 1338 349 639 1370 438,609 15,759,031 1,063,919 1247 16,824,197 Consortum | Project | | Senetes
Kiel GWAS 464 33 269 T35 504,625 13,315,820 1,077,158 1236 14,394,214 Mooy N ——/ Geneli data (selected markers)
Genizon GWAS 760 139 399 993 489,501 13,624,904 1,093,913 1224 14,720,041
Exomechip 3863 752 1374 4027 461092 16,411,455 976,233 1254 17,388,942 Subtype labels (PsA/ PsC)
PAGE Immunochip 3169 971 885 7394 160,228 1,414,274 84,270 1245 1,499,789 I
New Total 1,024 3674 3566 16,336 New Union 23,657,701 1,403,045 1270 (217%) 25,062,016 Cone e raary Association analysis
(8,730,264 b) Q, 02";305b) (9;752,786'3) Merging imputed data Training data
New GWAS Total 7855 2703 2681 8943  New intersection (All) 1,120,138 (43,356 66,845 (33019 1203 (546°) 1,188,186 (47,203°) ~ from different
Previous”® Total 9293 3061 3110 17393 New intersection (GWAS) 9,771,987 (247,740 870,338 (27,1159 1205 (546°%) 10,643,530 (275,4019) Indirect PSAPSG comparison \ Stopwise condifonal reference panels 10-fold CV
Previous'> GWAS Total 4007 1946 1363 4934  Previous™' Union 8,265,477 (7,091979%) 681304 (627,M") 1342 (1216") 8,948,123 (7,720,306") — T praivels o lop siomd
Previous'>¥ intersection (All) 40,249 (8,775%) 3187 (717%) 1141 (309) 44,577 (9801%) control P —
Previous'™'® intersection (GWAS) 6,964,145 (2297229 589,032 (20,1959 1269 (326 7,554,446 (250,243%) St gdss
PsV psoriasis vulgaris; PsA psoriatic arthritis; PsC cutaneous-only psoriasis; NA not available e —
2Well-imputed markers (2 > 0.7)
BUnion of markers filtered using MAF = 0.01 (these are the markers used in our unconditional meta-analysis) e DT
“Intersection of markers filtered using MAF = 0.01 and p<0.05 (these are the markers used in our conditional meta-analysis). All the samples are of Caucasian descent ml s?;mtr‘igas?:;ri:rg)
S —— B i e ‘




# CONCLUSIONES

Por su naturaleza visual, la dermatologia es una de las
) especialidades con mdas campo de aplicacion de la inteligencia
arfificial.

Los sistemas de |A basados en redes neuronales convolucionales
han demostrado superioridad en la deteccion de lesiones.

Ante la cantidad de datos que tenemos de las patologias en la
actualidad solo es posible procesarlos a través de machine learning y
deep learning.

Considero que antfes de pensar que nos quitard el trabajo debemos
entenderla y trabajar junto con ella, eso asegurard un mejor
pronostico de nuestros pacientes.
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