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Introduccion [ @3]

El avance tecnologico en los ultimos anos
supera la capacidad de adaptacion del
sistema sanitario.
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Introduccion

nature cancer a

Article https://doi.org/10.1038/s43018-025-00991-6

Development and validationofan
autonomous artificialintelligence agent
for clinical decision-making in oncology

Recelved: 13 August 2024 Dyke Ferber'?, Omar S. M. El Nahhas?, Georg Wélflein®, Isabella C. Wiest®*,
Accaptod: 29 April 2025 Jan Cly 125, Marie-Elisabeth LeBmann?é, Sebastian Foersch’,

i Jacqueline Lammert®>**®", Maximilian Tschochohei®, Dirk Jager®',
Published online: 6 une 2025 Manuel Salto-Tellez”, Nikolaus Schultz®™, Daniel Truhn®" &

Jakob Nikolas Kather®*?

|®|Check for updates

Clinical decision-making in oncology is complex, requiring the integration
of multimodal data and multidomain expertise. We developed and
evaluated an autonomous clinical artificial intelligence (Al) agent leveraging
GPT-4 withmultimodal precision oncology tools to support personalized
clinical decision-making. The system incorporates vision transformers for
detecting microsatellite instability and KRAS and BRAF mutations from
histopathology slides, MedSAM for radiological image segmentation and
web-based search tools such as OncoKB, PubMed and Google. Evaluated

on 20 realistic multimodal patient cases, the Al agent autonomously used
appropriate tools with 87.5% accuracy, reached correct clinical conclusions
in 91.0% of cases and accurately cited relevant oncology guidelines 75.5%

of the time. Compared to GPT-4 alone, the integrated Al agent drastically
improved decision-making accuracy from 30.3% to 87.2%. These findings
demonstrate that integrating language models with precision oncology and
search tools substantially enhances clinical accuracy, establishing a robust
foundation for deploying Al-driven personalized oncology support systems.

Ferber D, et al. Nat Cancer. 2025. |




Implantacion de la medicina digital €O

Emerging Cancer Technology Ecosystem
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Adoption : i
Adoption pt 03 :Iulll:’::' Device : Patient Support
H I T E C H ~ RS : + Improved health & wellness tools
@ SRR L S : * Predictive, personalized screening schedule
alth Informati nr ay . . - . . "
Hospitals for Economic & Clinical Hea!tﬁ Act Hospitals TRLAFID ey . . USSR MRS o YK e Ry
B FRAMEWORK & : + Adaptive, time-of-need support
o ™ COMMON AGREEMENT H 1 .
FACA o : * Value-driven balance between high-tech
i : and high-touch
Physicians CMS Meaningful Physicians

Healthcare Team Support
+ Closed loop communications between
primary care, laboratory services, oncology
... care, and allied care
‘ “Mh » Decision environment designedto be
usable, precise, safe, & reliable

:ﬂsé 1 J 1 J -| ] | [ | | | i | | T- - ) Q@@@ * ALl tools designed to offload cognitive

Use Incentives

COVID-19 CARES Act
Emphasizes Telehealth

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 tedium while allawmg for personalized care

* Population management tools to ensure
.‘
L

health equity, leaving no patient behind

Research Support
* Data from a “learning oncology system”

Wearable Tech drives discovery, improves implementation
for Health 2;‘“’:"*3“0"” . + Improved computational support for “big
ents . assisted image N
Smart Phones > analysis outperf data” uncovers novel patterns, focuses

human judgment o cancer control spatially & temporally
; + Data sharing, resource sharing, and citizen

£ participation improve impact
s u @ . m - : + Passive data collection reduces demands on

. : participants, while improving precision

-8 = : “
Connected Health :

Rise of Social Devices

Media




La idea

€O

DIGITATYMEDICINE

SOFTWARE mp ALGORITHMS THAT
NON-PIGITAL CLINICAL
INTERVENTION

NON-PIGITAL CLINICAL
INTERVENTION

1010101010101010

"' DTA FLOW TO INFORM
THE INTERVENTION

€6, DIGITAL BIOMARKERS, ’
ELECTRONIC ASSESSMENTS,

.6, DIGITAL THERAPEUTICS (DTX),
COMBINATION PROPUCTS,
CONNECTED IMPLANTABLES

DATA FLOW ON THE EFFECT
OF INTERVENTION

-

NON-DIGITAL
OUTPUT: .. B gesenrcn
STUDY DATA INTERVENTION

Minutes

-2

Days - Weeks

Hours

v

O
a0

O
./\I._

Hours - Days

Coravos A, et al. Digit Biomark. 2019.




éPor qué? €O

Buscamos una mayor comprension
de la salud y de la enfermedad.
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Aplicaciones en Oncologia €O

Cancer prevention
and screening

 Disponemos ejemplos de la utilidad de la
tecnologia en multiples escenarios de la

oncologia.

e Trabajos muy heterogéneos en poblacion,

metodologia y en nivel de evidencia.

 Utilidad no implica mejora de la atencidén

Cancer big global
data




Prevencion — habitos saludables [ @3]

*  Promover comportamientos saludables, incluyendo la alimentacion saludable, el ejercicio, evitar sustancias

nocivas (principalmente alcohol y tabaco).

< @ i< @ i< ® :

8 Put it into Practice Put it into Practice
e s s ar 2
S Putitinten | ™™ Experiment started!
o = Pracﬁce Starting tomormow morming, try 1o go one full

JMIR MHEALTH AND UHEALTH McClure et al [=) s day without smoking.

- If lip, don't gi P, just start :
Qriginal Paper Congratulations! You've leamed some useful you sl ettt up Just start ever

o . . skills. Your final experiment is to put them to We're not asking you to stop smoking for
Feasibility, Acceptability, and Potential Impact of a Novel mHealth the test and practice being a non-smoker for good- ust try It for 24 hours and let's see what
. e . . one day happens.

App for Smokers Ambivalent About Quitting: Randomized Pilot
Study We recommend you use the nicotine patches EIEE (e YoM KNn OO erCa e

come back and report what you learn. Your
experiment won't be complete until you do this

to make this easier. To request a free starter kit
see More Help for details.

Jennifer B McClure'?, PhD; Jaimee L Heftner®, PhD; Chloe Krakauer', PhD; Sophia Mun', MPH; Predrag Klasnja‘, “
PhD; Sheryl L Catz’, PhD




Prevencion — habitos saludables | @3]
Study Control Treat MD MD 95% C1 Weight
Control = nondigital active
Allen 2013 IC+SP 18 16 =2.90 (=14.31to 8.51) 0.7%
. Allen 2013 LIC+SP 18 17 —0.80 (-11.48 10 9.88) 0.8%
*  Promover comportamientos saludables. Allen 2013 5P B 1 070 (H1067t01207)  08%
Anderson 2018 39 39 — -2.90 (-10.21 to 4.41) 1.7%
Apifianiz 2019 56 54 - 0.70 (5.34t0 6.74) 2.4%
Block 2015 176 163 ——— -2.00 (-5.35t0 1.35) 6.1%
Bughin 2021 5 25 —0.94 (-10.11to 8.23) 11%
Hartman 2016 18 36 —_— -3.90 (-9.78 to 1.98) 2.5%
Hebden 2014 25 26 —_—— -0.20 (-5.84 to 5.44) 2.7%
Hong 2022 17 12 0.16 (-5.82t0 6.14) 2.5%
Jakicic 2016 233 237 2.40 (-6.30to 11.10) 1.2%
Johnson 2019 Videoconferencing 10 10 4.80 (-25.61to 16.01) 0.2%
Lim 2022 76 72 _— -2.90 (-7.39 10 1.59) 4.0%
Rogers 2016 Technology 14 12 — 1.40 (-1.11t0 3.91) 8.8%
Rogers 2016 En-Tech 14 13 —_— 0.20 (-2.2110 2.61) 9.2%
Stephens 2017 31 31 —4.20 (-24.82t0 16.42) 0.2%
INTERACTIVE JOURNAL OF MEDICAL RESEARCH Motevalli et al Svetkey 2015 mHealth 123 122 —_— 0.45 (~5.55 to 6.45) 2.5%
Svetkey 2015 PC 123 120 —_— -1.01 (-6.79to 4.77) 2.6%
Review Wong 2021 39 38 B -2.66 (-3.72 to -1.50) 16.0%
L o . . ) Zhang 2023 DPI 248 250 — 328 (499to-157)  12.5%
Guideline-Based Digital Exercise Interventions for Reducing Body Zhang 2023 Pl 248 228 - 018 (-L92t0156)  123%
Weight and Fat and Promoting Physical Activity in Adults With Random etfacts model (94 0 o < CL23 (-203t0-043)  91.0%
. i : : i eterogeneity: P=7.5%, r'=1.44, P=.36
Overweight and Obesity: Systematic Review and Meta-Analysis
Control = passive
Duncan 2020 Enhanced 36 39 —_— 1.68 {—5.00 to 8.36) 2.0%
1 i - . Duncan 2020 Traditional 36 41 —_—— 273 (—4.01to 9.47) 2.0%
Mohamad Motevalli'?, MSc: Clemens Drenowatz’. Prof Dr: Derrick Tanous'?, MSc: Gerhard Ruedl'. Prof Dr: Werner Hutchesson 2018 28 29 —_ g 259 (~7.86 to 2.68) 2.1%
Kirschner', Prof Dr: Markus Schauer', MSc: Thomas Rosemann®, Prof Dr: Katharina Wirnitzer'”>*. Prof Dr Johnsan 2019 Videaconferencing 10 10 510 (-24.05t013.85) 03%
Watson 2015 33 32 —_— -2.32 [—9.69 to 5.05) 1.7%
Random effects model (HK) _ —-0.52 (-3.93 t0 2.89) 9.0%
Heterogeneity: *=0.0%, =0, P=.67
Random effects model (HK) 1712 1709 < =117  (-1.92t0-0.43)  100.0%
Heterogeneity: =0.0%, T=1.35, P=.49 f T T !
Test for overall effect: tps=—3.25 (P=.003) -10 -5 0 5 10




Cribado €O

St | International Journal of
7 Environmental Research
/| and Public Health

]

Review

Effectiveness of Technology-Based Interventions in Promoting
Lung Cancer Screening Uptake and Decision-Making

Among Patients

Safa Elkefi ">, Nelson Gaillard >* and Rongyi Wu >*

Aumenté el conocimiento y la conciencia sobre los riesgos y
beneficios del cribado.

Redujo significativamente el conflicto decisional (puntuaciones mas
bajas en la Escala de Conflicto Decisional).

Proporciond recursos o asesoramiento de cesacion tabaquica en 8
estudios, alineandose con el concepto de "ensefianza".

* Tasa de Cribado: El 82% de los estudios reporté
efectos positivos sobre el conocimiento y la
confianza en la toma de decisiones.

* Solo algunos estudios mostraron un aumento en
la participacién en el cribado.

Personalization
to health risks

Home-based
accessibility

-
-
-

"
19
b

ki

Health literacy and digital
literacy sensitive designs

Integration in Electronic
Medical Record

Role & functions

Awareness Decision- Smoking
Building Making Support Cessation
Time constraints Digital and health literacy -
Lack of comfort with SDM Fear, guilt, stigma, & anxiety =
Limited familiarity with ' ; PATIENT LEVEL
Limited access to internet screengggs;gilr E;VEL Y| Cost
Limited access to digital devices Radiation Exposure
Reliance on public access points Overdiagnosis
SYSTEM LEVEL L. SCREENING SPECIFIC

Elkefi S, et al. Int J Environ Res Public Health. 2025.




Diagndstico e imagen
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FIGURE 1. Paige BLN offers a binary classification at the WSI
level. In slides where Paige BLN does not detect cancer, the
message “Suspicious tissue not detected” is displayed. BLN
indicates breast lymph nodes, WSI, whole slide image.

i P

FIGURE 3. The viewer can optionally display a tissue map,
showing areas with benign tissue at reduced contrast while the
original contrast is maintained in the suspicious areas, thus
highlighting the regions with suspicions findings.

Sensitivity of pathologists
m Aided @ Unaided

Overall, aided ] Ovarall, aided HH
Overall, unaided . Overal, unakled - p<0.001
Pathologist 1, aided - Pathologist 1, aded i
Pathologist 1, unaided e Pathologist 1, unaided rei ps0.007
Pathologist 2, aided —— Pathologist 2, aded ]
Patholagist 2, unaided . <0.001 Pathologist 2, unaided . p<0.001
Pathologist 3, aided ] Pathologist 3, aided —.—
Patholagist 3, unaided —— Pathologist 3, unaided . p<0.001
50 60 70 8 80 100 o =0 foa 150 200 250

Time per slide, snconds
m Aided @ Unaided

Sin Asistencia Con Asistencia Cambio (%) p
Tiempo/slide Reduccién del
ey 129 segundos 58 segundos 559% P<0.001
Tiempo/slide 160.4 Ganancia del
(Benignos) segundos EZECLAES 49.4% P<0.001
Tiempo/slide Reduccién del
[ ] 83.1 segundos 25.7 segundos 69.1% P<0.001
Sin Asistencia Con Asistencia Cambio (%) p
Sensibilidad 31.2% 93.2% Aumento del le(:\g?cit(ltlg
General e e 12.1% &

como grupo)

* Dos de los tres patélogos experimentaron un aumento
significativo en la sensibilidad de la deteccién de

tumores.

* La asistencia de la IA ayudd a reducir tiempos de
lectura en mas de la mitad (55%) y mejord su tasa de
deteccion de metastasis.

* Eficiencia y precision.

Retamero JA, et al. Am J Surg Pathol. 2024.
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m Radiology
m Cardiovascular
m Neurology
m Anesthesiology
B Hematology
m Gastroenterology-Urology
i Clinical Chemistry
Ophthalmic
Clinical Tcxicology
Microbiology
Dental
General Hospital
Pathology
General and Plastic Surgery
Orthopedic
Immunology
Obstetrics and Gynecology
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Monitorizacion remota: tratamiento [ @3]

*  Evaluar la factibilidad y efectividad de una intervenciéon de salud moévil para monitorear la adherencia a

capecitabina y los resultados reportados por pacientes (PROMs) en mujeres con cancer de mama.

EUC, 40.0%

l

T H 0, —
Capecitabine Nonadherence (<80%, n = 28) PRO, 7.7%"

EUC, 57.1%
More Severe Symptoms (n = 24) PRO 10.0%* ’

EUC, 69.2%

Qutcomes

Reduced Global Mental Health Score (n =21) PRO, 12.5%*

EUC, 66.7%

Reduced Global Physical Health Score (n = 20) PRO, 87.5%

Leveraging Mobile Health to Improve Capecitabine T .

1
Adherence Among Women With Breast Cancer: A Pilot 25 50 75 100
Randomized Controlled Trial
llana Graetz, PhD' (9; Samuel Hernandez, BS'; Sara Arshad, MSPH'; Kristina Byers, PharmD? (®); Jane Meisel, MD®; Gelareh Sadigh, MD*(®; P d rt' Cl p ad nts ( 0/0 )

Elizabeth A. Sakach, MD? Keerthi Gogineni, MD*(®); and Mylin A. Torres, MD® ()

DOI https://doi.org/10.1200/0P.24.00031




Monitorizacion remota: tratamiento de soporte
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A Digital Therapeutic Application (ePAL) to Manage
Pain in Patients With Advanced Cancer: A Randomized

Controlled Trial

Mihir Kamdar, MD, Kamal Jethwani, MD, MPI, Amanda Jayne Cent, PhD, Stephen Agboola, MBBS, MPII,
Nils Fischer, MPH, Lara Traeger, PhD, Simone Rinaldi MSN, ANP-BC, ACHPN, Jacob Strand, MD,
Christine Ritchie, MD, MSPII, Jennifer S. Temel, MD, Joseph A. Greer, PhD, Joseph Kvedar, MD,

Areej El-Jawarhi, MD, and Vicki Jackson, MD, MPH

*  Ensayo clinico aleatorizado no ciego.

*  Evaluar el impacto de una aplicacion digital para
manejar el dolor en pacientes con cancer avanzado,
frente al cuidado habitual durante 8 semanas.

* Intervencion (ePAL):
o  Monitoreo activo del dolor.
o Algoritmo de inteligencia artificial para triage
de sintomas.
o  Méddulos educativos personalizados.
o Notificaciones para personal médico en caso
de dolor severo o barreras al tratamiento.

‘ () Check for updates

Table 2
Effect of ePAL on Pain Symptoms

Control yvalue

Mean (SD)

Intervention
Mean (SD)

Pain Symptoms

Baseline 3.74 (1.88) 4.02 (1.67) 041
Four Weeks 3.16 (1.78) 4.28 (1.99) 0.010
Eight Weeks 2.99 (2.06) 4.05 (1.78) 0.017
Longitudinal model Beta (95% CI) 2value
Between Group —0.09 (-0.17, —0.007) Reference 0.034

(95% CI)

Two-sample t-test to compare pain symptoms (as measured by Brief Pain Inven-
tory) between the interventon and control group at four and eight weeks.
Mixed linear effect models to examine study outcomes longitudinally across all
timepoints.

SD = standard deviation; 95% CI = 95% confidence interval.

Bolded Pvalues signify statistical significance.

. Hospitalizaciones relacionadas con el dolor:

Grupo ePAL: 7.1% vs cuidado habitual: 23.2% (p=0,018)

Kamdar M, et al. J Pain Symptom Manage. 2024. |




Ejemplos y validacion €O
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Implementation of a remote symptom monitoring pathway in
oncology care: analysis of real-world experience across
33 cancer centres in France and Belgium

]

Maria Alice Franzoi,™>*" Adindo R. Ferreira,“* Antoine Lemaire,” Joseph Rodriguez,” Jessica Grosjean,’ Joana M. Ribeiro? Laura Polastro,”
Thomas Grellety, Xavier Artignan, Katell Le Du* Martina Pagliuca,” Elodie Nouhaud,® Maximilien Autheman, Fabrice André Ethan Basch,'
Otto Metzger,” Charles Ferté,” Mario Di Palma,” Florian Scotté” and Ines Vaz-Luis™®

Institut

Andrée Dutreix
0

les Bonnettes

ST CH Beaujon
AR ® HPles Peupliers
Gustave Roussy o ® ® [CSM 77

Cliniquo Pastoure ,*HPC
de Ris-Orangis  Clinique du Mousseau

® HP du Confluent +Clinique
Drevon

LY Les Praz de lArve

® IMRO

#®HP de la Loire
9CHU de Berdeaux
®Clinique du Tondu

o Clinique Sainfe-Anne et =
CHI n:les’A{pes du Sud
Clinique des Cédres

. o Clinique Pasteur

.. Clinique Belharra Almaviva

oClinique de Funion

CH Céte Basque

Marco de Evaluacion: métricas de implementacion a nivel del
paciente y del sistema, evaluadas segin el marco RE-AIM

Protocolo de monitorizacién remota de sintomas en centros de Francia y Bélgica, utilizando ePROs.

Objetivo Primario: adopcion de la solucion. Objetivos Secundarios: alcance (Reach), efectividad,
implementacién y mantenimiento.

. Pacientes avisados para completar encuesta con un conjunto de sintomas del cuestionario PRO-CTCAE
(Patient-Reported Outcomes Common Terminology Criteria for Adverse Events) del NCI.

. Generacion de alertas: sintomas graves o que empeoran.

. Gestion de alertas: enfermeras navegadoras (horario laboral; no debe considerarse como contacto de
emergencia).

33 hospitales en Francia y Bélgica. 3015 pacientes. Edad media: 63 afos. >65 afios: 45%.

* 8(24.2%) centros lograron la interoperabilidad con el historial médico electrénico local.
* Adherencia (ePRO semanal): 82%. Adherencia >65 afios: 82%.

* Tasatotal de alerta: 49.2% (11,041/22,441 encuestas).

* Sintomas mas comunes: dolor (66.8%), nauseas (48.8%) y diarrea (41.4%).

* Evolucion post-alerta (2 semanas después): mejora clinicamente significativa: 94.6%.

» Satisfaccion del Paciente (n=307): impacto positivo en su atencidn: 90% (276 pacientes).
* Expansion: Se activaron 18 nuevos centros adicionales.

* Reembolso en Francia: aprobado en octubre de 2023.

(Reach, Effectiveness, Adoption, Implementation vy
Maintenance).

Franzoi MA, et al. Lancet Reg Health Eur. 2024.




Ejemplos y validacion
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OPTIMIZE Trial:

Inclusion criteria:

N= 372

Patients with a diagnoss of cancer
(any type, any stage) and
moderate o

severe seli-reported
fatigue (Visual Analogue Scale)
Stratification by:
Metastatic status (MO vs. M1)
Ongoing chemotherapy
Educational level
Baseline Fatigue level

Fully Autonomous Virtual
Management during ET phase for premenopausal patients (N= 336)

Randomisation 1:1:1

Assistant for Symptom

Standard Follow-up

=
2
ko
g
E
S
=
=
5
4

Enhanced digital Follow-up

Arm 2
Resilience app with online Symptom Management: *
Education + Fatigue Self-Management CBT program

(completely self-guided)

Arm 3
Resilience app with online Symptom Management:
Education + Fatigue Self-Management CBT program
{weekly online coaching with mental health professional)

Intervention duration: 7 weeks

STEPPING STONE (NCT06505590): Fully Autonomous Virtual Assistant
vs. Supervised Virtual Assistant vs. Standard of Care for patients with
cancer-related fatigue (N= 372)

Primary Objective:

Compare the effectiveness of the 3 digital aid modalities
on reducing perceived burden of CRF (EORTC QLQ
C30 fatigue sub-scala) from baseline to 3 months

Secondary Objectives:

* Self-efficacy (PROMIS Self-efficacy for managing
chronic conditions- managing symptoms)

+ Oversll Quality of Life (EORTC QLQ-C30)

+ Physical, emotional and cognilive fatigue dimensians
(EORTC FA-12)

+ Use of health resources (ad hoc questionnaire)

+ Assess implementation: RE-AIM framewark
(quantitative and qualitative metrics)

HOPE Trial (NCT06781996): Digital Self-Management Support
with low touch nurse navigation (N= 189)

N=180

Main Inclusion Criteria:
Stage I-ll HR+
- Endocrine therapy
(ET) at the time of
study enroliment
- Presence of ET side
effects

Stratification by:
Menopausal status;
receipt of chemotherapy
(yes vs, no); use of
remole patient monitoring
in routine care (yes vs.
no); adjuvant treatment
type (CDK4/6 vs. PARP
vs. other)
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Standard supportive care at
local level

Multi-level multi-component
digital health pathway

& B o

Standard supportive care at
local level

a»

Baseline

12 weeks

Primary Objective:
QOL, EORTC QLQ-BR45, ET
symptoms scale

Secondary Objectives:
2.QOL (EORTC QLQ-C30, QLQ-
BR45)

3. Physical activity and sleep activity
(wearable device)

4. Adherence to ET (MIS-A)

5. Self-efficacy (PROMIS)

6. Health Literacy )

7. Implementation, adoption, and
experience with the digital health
pathway
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3.- BIG-DATA, CIENCIA DE DATOS E INTELIGENCIA ARTIFICIAL

€O



BIG-DATA: el valor de los datos [ @3]

Systematic reviews

——Gritically appraised
topics (evidence

! Critically appraised »  syntheses)

e R \ : oudetnes * Las medidas tradicionales representan una  fotografia

| synopses)

puntual, |la medicina digital ofrecen una ventana continua y

personalizada a la salud.

Al-based deep precision medicine

EMR, personal Natural history data
history

e * Transformacion de seiales fisioldgicas en indicadores para

Biosensors

imoge dao ‘ monitorizar y predecir aspectos de la salud y la enfermedad.

Allinputs (social,

behavioral,

environmental,
§ L Word sl lerire | Acceso remoto para pacientes mediante tecnologia.
% T ‘E_
5 i furrition Research data

i re——" * Mayor participacion de pacientes: PROs, comunidades online
Research data
S | para la educacion, reclutamiento y generacién de evidencia.

Alllab data

Data fusion Population/epimiological data

Subbiah V. Nat Med. 2023.




Enfoque multi-omics

€O

12 tumor types

) Glioblastoma (GBM)

Lung adenocarcinoma = 0. and neck (HNSC
(LUAD)
Breast (BRCA)
‘ Ovarian (OV)
Kidney (KIRC) ’ Colon (COAD)
| Rectum (READ) | ,
. Endometrial (UGEC) E
g
Thematic o

pathwayi/

Omics characterizations

e~

e

Mutation

». Copy number

Gene expression
DNA methylation
MicroRNA

RPPA

Clinical data

1.- Datos integrados:

* Se analizaron 5,074 muestras de tumores primarios.

e Se utilizd un enfoque multi-dmico que incluyé ADN, ARN, proteinas y

modificaciones epigenéticas.
2.- Plataformas utilizadas:

* Secuenciacién del exoma completo.

* Microarrays para variaciones en numero de copias.

* Perfiles de metilacion del ADN.
* Expresion de ARN y proteinas.

e Andlisis de microARN.

3.- Tipos de tumores incluidos: Glioblastoma, cancer de mama, cancer de

pulmén (adenocarcinoma y escamoso), leucemia mieloide aguda, entre otros.

4.- Propésito:

* Identificar mutaciones clave (drivers vs. pasajeros).

* Comparar patrones moleculares entre diferentes tipos de cancer.

Weinstein JN, et al.. Nat Genet. 2013.




Enfoque multi-omics
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Diagnostic biopsy

| \

Disease management

Acquire CT

Segment omental and
adnexal disease

e

Entropy
sphericity
GLSZM-SAE
GLRLM-GLV

Extract radiclogic
features (k= tfli‘qu-’fl’l

Proportion (OS)

Scan H&E slide

Infer tissue types and

detect cells

{

Mean (Nuc. area)
—— Var (Nuc. eosin)
% necrotic

Extract histologic
features (k= 216)
4

N
~
d -

Perform targeted NGS

3 i

b

Detect HRD-DDR
varnants and sig. 3

N

Proportion (OS)

—» HRD/HRP

Determine HRD
status (k= 1)
7

Feature selection and late fusion

to stratify by OS

1.0 — Train (n =404)
0.5
0+ T T
0 50 100
Time (m)
Fit on training set
1.0 = Test (n = 40)
0.5
D T T T T
0 20 40 60
Time (m)

Evaluate on test set

Boehm KM, et al. Nat Cancer. 2022.
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The NEW ENGLAND JOURNAL of MEDICINE

EDITORIALS

Artificial Intelligence in Medicine

Andrew L. Beam, Ph.D., Jeffrey M. Drazen, M.D., Isaac S. Kohane, M.D., Ph.D.,
Tze-Yun Leong, Ph.D., Arjun K. Manrai, Ph.D., and Eric ). Rubin, M.D., Ph.D.
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4.- INTEGRAR LA TECNOLOGIA
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éQué queremos integrar y como queremos integrar?

€O

Prevencién

Habitos
saludables

Tratamiento

Decisiones
Prediccion
Prehabilitacion

Monitorizacién

Adherencia
Toxicidades
Navegador

Tratamiento de
soporte

Sintomas
Atencién
continuada
Salud mental

R

Cribado /
Diagndstico

Imagen

Radiomica
Anatomia
patoldgica

Investigacion

Seleccién de
ensayos
Descubrimiento
de farmacos

Educacion del

paciente
. Videos
. Informacién
adaptada

Planificacién
de cuidados

Empoderar




éQué queremos integrar y como queremos integrar?

€O

Prevencion

Habitos
saludables

)

Tratamiento

. Decisiones
. Prediccién
. Prehabilitacion

)

Monitorizacién

o Adherencia
o Toxicidades
. Navegador

)

Tratamiento de
soporte

Sintomas
Atencion
continuada
Salud mental

Cribado /
Diagndstico

Imagen

Radiomica
Anatomia
patoldgica

DIAGNOSTICO

o

Investigacion

Seleccion de
ensayos
Descubrimiento
de farmacos

C

Educacion del
paciente

Videos
. Informacién
adaptada

TRATAMIENTO

(

Planificacion
de cuidados

. Empoderar

SEGUIMIENTO RECAIDA

PROGRESION




¢Qué queremos integrar y cOmo queremos integrar? €O

Patient-related data Social environment-related data Biology-related data
I
L
Patient-reported outcomes Patient-reported experience measures Social media Health literacy Income Genomics Proteomics Metabiomics
)
Passive behavioural and physiological data captured by biosensors Ethnicity Neighbourhood Radiomics Microbiome Digital pathology
Digital data infrastructure P
—p| (allowing data exchange and use across the entire health-care system)
& Fy Y &
________________________________________________________________________________________________ L . . N e L Flexible care, telemedicine, and remote
! Clinicaland pp e
| treatment- h 4 h 4 Y 4 m
' related Hospital (electronic medical records) Primary care Supportive care network Researchers’ community | i Patient empowerment,
data : self-management, and shared
____________________________________________________________________________________________________________________________________________ : decision making
— Multimodal data analysis
i | Telementoring and multidisciplinary
L : tumour boards
Innovative health policies and research
Innovative and personalised breast cancer care products (pharmacological and self-management or behavioural interventions, algorithms, etc) *---1 Decentralised research




podemos q«

nature reviews cancer

Review article

Aguidetoartificialintelligence | =~ s

for cancer researchers
Raquel Perez-Lopez @', Narmin Ghaffari Laleh @7, Faisal ©345638 g Jakob Nikolas K ®2970
2000s 2010s 2020 2023
Foundation models . 2025
Classical Single-purpose trained with self- Generalist models Al
Machine learning Deep learning supervised learning (¢.¢. large language agents
methods models models)

- P oPNER concrsst | @ Ve
; : model b
S J

5
B
-

model

/ 1\\~ Predicted Cancer Radiology / \

drug type and assessment Contextual R
cancer  Cancer Downstream models response  subtype Wilerctanding

| Perez-Lopez R, et al. Nat Rev Cancer. 2024. |




Large Language Models €O

*  ESMO guidance on the use of Large Language Models (LLMs) in Clinical Practice.

Pacientes — LLMs Médicos — LLMs Sistema — LLMs

LLM LLM

Interaccion directa con el
paciente. * Soporte a la decision clinica. * Extraccion de datos.

Conversaciones en tiempo * Sintesis de literatura. * Mantenimiento de registros.
real. e Carga administrativa. * Optimizacién de procesos.

Soporte personalizado.




Pacientes - LLMs [ @3]

Case vignette
Prompt A 55-year-old man who had been admitted to the
Ask questions about the following intensive care unit had a sudden-onset vesicular
until confident of the diagnosis. rash appear across his trunk and arms, as shown.
Current medical symptoms He had undergone a small-bowel resection; his
B Medical history post-operative course had been complicated by
B Medications sepsis, fevers, and respiratory failure. On exam, he|
B Family history was wrapped tightly in blankets. The vesicles did
not rupture with light palpation but broke when
. mare pressure was applied.
Pacientes — LLMs

Doctor-patient conversation l
Prompt

Answer questions in layman @ Patient-Al agent
nature medicine language based on the following 9
case vignette. I've got a sudden rash with blisters all over my
chest and arms.
Patient-Al | | {Case vignette] -
Article https://doi.org/10.1038/541591-024-03328-5 agent i o 1 Clinical LLM
What is your age and sex? |

1 An evaluation framework for clinical use @ o
oflargelanguage modelsinpatient i3 55 earold man
interactiontasks orompt clinical v (@

Are the two disease names How long have you had this rash? |
equivalent (respond with a yes/no):

I t . Clinical LLM's diagnosis, @ Patient-Al agent
° nteracciqg ader-Al [ Correct Answer ;
Received: 8 August 2023 Shreya Johri®'*°, Jaehwan Jeong'**°, Benjamin A. Tran®, The rash just popped up suddenly.
H Daniel I. (=08 , Leandra A. Barnes®,
pa cie nte + | Accepted:10ctober 2024 Hong-YuZhou®', Zhuo Ran Cal®, Eliezer M. Van Allen ®’, David Kim®?, Clinical LLM

Published online: 2 January 2025 Roxana Daneshjou®®°"'" & Pranav Rajpurkar®"" Have you been in contact with any new

° CO nve rsa T ™r ™ CTCT T . substances or environments recently?
L Expert evaluation

1. Did the clinical LLM gather the @ Patient-Al agent
rea I . relevant medical history? . & - -
. 2. Did the patient-Al agent No, I'va just baen in the hospital.
Soporte personalizado. hallucinate? Did it respond -
appropriately to questions? Clinical LLM
expert Did it use medical terminology | Have you started any new medications lataly? ‘
to describe symptoms? -
3. Is the grader-Al agent reliable R
for evaluating equivalence of Clinical LLM ®
diagnoses? | Final diagnosis: miliaria crystallina.
[] Case information [ | Prompts [ | Clinical LLM responses Patient-Al agent responses

McDuff D, et al. Nature. 2025.
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SOPORTE A LA DECISION Y EDUCACION DEL PACIENTE.
t
é 60
* Potencial para cerrar brechas en la atencion informativa. .
. . .z . . e ”\..iﬁﬁﬁﬁ;sgeggel'wu‘”H”
* Proporcionar informaciéon personalizada sobre diagnosticos, SPiiiffiTiiipliiiitifiae
tratamiento, prondstico e incluso oportunidades de ensayos clinicos. L B R B
B 3 g
CaunlryS
* Lenguaje sencillo mejorando la comprension del paciente. B .
* Empoderar a los pacientes. . e
* Reducir la incertidumbre fuera de las visitas a la clinica. | IIIIIII“'IIIIII |
ol ..
* Son ayudas educativas, no responsables de la toma de decisiones. 8 £ 5 figEfigzieg
¢ Medical Specialty




Pacientes - LLMs [ @3]

DESAFIOS, RIESGOS Y LIMITACIONES

Pacientes — LLMs

LLM

Interaccion directa con el
paciente.

Conversaciones en tiempo
real.

Soporte personalizado.

*  Propagacion de la desinformacion (inexactitud, las omisiones y las "alucinaciones®).

*  Falta de integracion en los flujos de trabajo clinicos.

*  Desafios en seguridad e infracciones de la privacidad de los datos.

*  Responsabilidad.

*  ¢Personalizar? A los LLMs les cuesta proporcionar recomendaciones adaptadas a
situaciones individuales y complejas.

*  Sesgos de los datos de entrenamiento.

. La calidad de estudios variable.

Se necesita una supervision profesional continua para garantizar la fiabilidad del contenido
generado por IA.

Es crucial realizar estudios longitudinales para evaluar los efectos a largo plazo en los
resultados y la satisfaccion del paciente.




Médicos - LLMs [ @3]

El tiempo que los clinicos dedican a tareas administrativas y de documentacidn (¢ calculable?) contribuye al
agotamiento y desvia la atencion del cuidado directo al paciente.

News &views

Machine learning https://doi.org/10.1038/541591-024-02888-w

Large language models for reducing
clinicians’documentationburden

NE— S—
Naf Med 2024 April - 30(4) 11341142 dor 10 1038/541591-024-02855-5.

Kirk Roberts

Adapted large language models can outperform medical experts
in clinical text summarization

. o gme

sclentlflc re po rtS Dave Van Veen!-2™ Cara Van UdenZ3, Louis Blankemeier!2, Jean-Benoit Delbrouck?, Asad
Aali!, Christian Bluethgen?-?, Anuj Pareek?® Malgorzata Polacin®, Eduardo Pontes Reis?’,
Anna Seehofnerova®?, Nidhi Rohatgi®10, Poonam Hosamani®, William Collins8, Neera

e 7 ) Ghock for updates. Ahuja8, Curtis P. LanglotzZ8911 Jason Hom?®, Sergios Gatidis2, John Pauly! Akshay S.
* Soporte a la decision clinica.

Chaudhari?9.11.12
* Sintesis de literatura. OPEN Automated generation of discharge [

« Carga administrativa. summaries: leveraging large
language models with clinical data

Matthias Ganzinger’?", Nicola Kunz!?, Pascal Fuchs?, Cornelia K. Lyv?, Martin Loos?,

Martin Dugas® & Thomas M. Pausch'?
nawor |OpPEN. 5

Original Investigation | Oncology
Performance of Large Language Models on Medical Oncology Examination
Questions

Jack B. Longwell. HBSC: lan Hirsch, MD, M5c: Fernando Binder, MD. MPH: Galileo Arturo Gonzalez Conchas, MD: Daniel Mau, HBSc: Raymond Jang. MD. MSc:

— Rahul G. Krishnan, PhD; Robert C. Grant, MD, PhD
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Mejor Modelo Adaptado

Atributo / Métrica (GPT-4 con ICL)

Experto Médico Conclusion Clave

El LLM fue preferido o

Preferencia General del Preferido (36%) o No . o . ,
Lector Inferior (45%) Preferido (19%) Ieocl)ucl\a/iIoesnte en la mayoria de
Médicos — LLMs
Exhaustividad 23+58 e e e El modelo es mas completo
(Completeness) D . (P<0.001).
LLM Correccion (Correctness) 0.8+3.7 (Puntuacién mas baja) (E;:;Ogcfll? tiene menos errores
Concision (Conciseness) 0.4+4.0 (Puntuacion mas baja) :Ell::)o(()joell? €5 mas conciso
El resumen del modelo
Likelihood of Harm o o -
(Probabilidad de Dafio) 11.3% 13.7% zze;cae;toa menor probabilidad

* Soporte a la decision clinica.

¢ Sintesis de literatura. El resumen del modelo

Extent of Harm (Magnitud

d 2004 April - 30(3) 11341142 dor 10 1038/541501 024008555 del Daﬁo) 15.5% 21.7% presenta menor magnitUd de
dafio.
Adapted large language models can outperform medical experts B
in clinical text summarization Alucinaciones (Informacion 0 0 El modelo produce menos
. 5% de las muestras 12%S de las muestras .

Dave Van Veen!2*, Cara Van Uden?2, Louis fer'2, Jean-Benoit D | Asad Fabrlcada) alucinaciones.
Aali#, Christian Bluethgen? 5, Anuj Pareek?®, Malgorzata Polacin®, Eduardo Pontes Reis?7,
Anna Seehofnerova®.?, Nidhi Rohatgi® 10, Poonam Hosamani?, William Collins3, Neera | . 7 e

2 Seehof osaman nexactitudes Facticas El modelo produce menos
Ahuja®, Curtis P. LanglotzZ8.9.11 Jason Hom®, Sergios Gatidis??, John Pauly’, Akshay S. 0, 0,
Ahujat, Curtis P e ) 2% de las muestras 4% de las muestras inexactitudes.




Médicos - LLMs [ @3]

Evaluacion de la precision y seguridad de respuestas proporcionadas por ocho LLMs a preguntas de examenes de
oncologia médica.

Médicos — LLMs

LLM

* Soporte a la decision clinica.
* Sintesis de literatura.
e Carga administrativa.

namox |Open.

Original Investigation | Oncology
Performance of Large Language Models on Medical Oncology Examination
Questions

Classification of explanations provided, %

100+

804

60+

404

204

. Wrong with major error
] Right with minor error

[] Wrong with minor error
[ right with no error

ASCO

ESMO

Question set

Original Total

Jack B. Longwell, HESC; an Hirsch, MD, MSc; Femando Binder, MD, MPH; Galileo Arturo Gonzalez Conchas, MD; Daniel Mau, HSC; Raymond Jang, MD, MSc;
Rahul G. Krishnan, PhD; Robert C. Grant, MD, PhD

Longwell JB, et al. JAMA Netw Open. 2024.
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Médicos — LLMs

Medical Al agent Supervisors

e E

&

La medicina esta pasando de usar la inteligencia artificial (IA) como herramientas a implementarla como agentes.

Digital medicine

CrossMark

The rise of agentic Al teammates in medicine

Medicine is in the dawn of a fundamental shift from using
artificial intelligence (Al) as tools to deploying Al as agents.
When used as a tool, Al is passive and reactive. Even
powerful medical Al foundation models today remain tools
that depend on human users to provide input and context,

Agentic Al in medicine poses exciting opportunities but
also new challenges that require careful investigation. We
will need new frameworks for evaluating and regulating
Al agents to ensure responsible use. Notably, in the USA,
the Food and Drug Administration’s review of medical Al

interpret their output, and take follow-up steps. To fully  devices treats each Al-enabled medical device as a tool for
unlock Al's potential in medicine, clinicians need to make  tackling a specific task. Thus, existing assessments typically
tha Lo tiial_chift feam ncina Al ac_canhicticatad £ Aok, £ ical oot
IA como Herramienta IA como agente
Naturaleza Pasiva y reactiva. Razona y resuelve problemas. Potencial de tomar iniciativas.
Oberacién Depende del usuario para entrada, contexto e Interaccién con el entorno. Monitorea proactivamente,
P interpretacion de la salida. extrae datos, identifica problemas y propone soluciones.
Memoria No se considera memoria a largo plazo. Puede mantener memoria y contexto a largo plazo.
Puede navegar bases de datos, utilizar motores de busqueda
Orquestacion No se considera. para recuperar conocimiento relevante y orquestar multiples
herramientas especializadas de IA.

Zou J, Topol EJ. Lancet. 2025.
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DESAFIOS, RIESGOS Y LIMITACIONES

Médicos — LLMs

LLM

* Sintesis de literatura.
e Carga administrativa.

* Soporte a la decision clinica.

*  Los modelos de IA pueden replicar o amplificar errores humanos.

*  Falta de integracion en los flujos de trabajo clinicos.

*  Responsabilidad.

*  Se necesitan nuevos marcos para evaluar y regular los agentes de IA.

* La confabulacion (alucinaciones) es un riesgo, pueden generar contenido plausible pero
erréneo. El monitoreo continuo es esencial.

* Los profesionales de la salud necesitaran capacitacion.

Se necesita una supervision profesional continua para garantizar la fiabilidad del contenido
generado por IA.

Se requerira evidencia convincente de mayor precisién, productividad y seguridad para la
aceptacion de esta nueva era.
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IA en "segundo plano" (Background Systems) para mejorar los procesos sin interactuar directamente con el usuario.

Sistema — LLMs

* Extraccién de datos.
* Mantenimiento de registros.

npj | digital medicine Comment

Published in partnership with Seoul National University Bundang Hospital a

hitps://dol.org/10.1038/541746-024-01340-0

Learning from the EHR to implement Al in
healthcare

Christian Rose & Jonathan H. Chen [#) Check for updates

*  Extraccion y agrupacion de datos estructurados de notas/informes médicos semi-
estructurados o no estructurados.

* Sistemas de alerta: evitar el error.

* Escribas de IA ambiental: escuchan conversaciones paciente-médico, minimizando la
carga de documentacion.

* Analizan patrones clinicos/moleculares para identificar predictores de resultados, lo que

es relevante para estudios de evidencia del mundo real.

Riesgo del "Déja Vu“: la IA estd recibiendo la misma atencion y promesas que recibieron los
EHR hace menos de veinte afos.

Interfaces mal diseiiadas que interrumpen los flujos de trabajo y frustran a los clinicos.

Rose C, Chen JH. NPJ Digit Med. 2024.
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Las historias electronicas crearon grandes repositorios de datos de salud que sirven ahora como base para

desarrollar y entrenar algoritmos.

D = 7
: == 0=0
— i = ] (D (G
HISTORIA CLiNICA
ELECTRONICA REGISTRO DE TUMORES
7 7 } { }
VA
=] =] = ol '$!
= = = e &ﬁ'&]
—_— == =1 o 0%
) B D D r A
CONSULTA HOSPITALIZACION FARMACIA REGISTRO
ONCOLOGIA CMBD URGENCIAS FARMATOOLS RTMAD ONCOLOGIA INDEF
‘ 121.878 registros
140.432 entradas
881.738 registros
——

62.277 registros

12.581 registros

4.339 registros |—
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SISTEMAS DE SALUD INTELIGENTES

Sistema — LLMs

appropriateness

relevant to
patient needs
and basedon

standards

Computing
System

accessibility

available at the effectiveness

right place, right
time, and in
language of choice

desired results
are achieved

HEALTH
SERVICE

S

safety

potential risks
of intervention
or environment
are minimized

Near
Real-Time

equity

efficiency provided to all

regardless of
characteristics or
circumstances

* Extraccién de datos. L
* Mantenimiento de registros. cost-effactively
* Optimizacién de procesos.

Knowledge

MclLachlan S, et al. BMJ Health Care Inform. 2019.




Sistema - LLMs

€O

Sistema — LLMs

* Extraccién de datos.
* Mantenimiento de registros.
* Optimizacién de procesos.

* Responsabilidad compartida.

Gobernanza y validacion: asegurar que la documentacion de HCE sea completa y precisa.

Validar los procesos de extraccion de datos.
Implementar monitorizacidon continua del rendimiento.

Establecer procesos de gobernanza.

* Entrenamiento integral: educacion a pacientes y profesionales.

* Combinar las capacidades de la IA con la experiencia humana. NO REEMPLAZAR.
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‘ E Neoadjuvant therapy
NCCN R tion (category 2A): Pr ti

P Y

+ Pertuzumab. trastuzumab. and hvaluronidase-zzxf inii use mav he substii an that the of intravenous
Regimen Type l Medical Info Value Pathways Evidence Filter Chemotherapies by:
v Regimen Type: Chemotherapy EDIT
Other Factors SHOW Clinical Trials At This Practice (85)
Location: Left breast lower-inner 3

gquecmnt Value P&T etate Emetogenic
Diagnosis HIDE Treatment Options (15) Pa yu i Erat NCCN COE Neu;;iemc Risk

Primary malignant ] - =
« Primary Diagnosis: neoplasm of female D + Car + Per and Trastuzumab SQ (Phesgo) (TCH-P) Q21D

L high high
breast (disorder) . 2 v # SELEU
Staging Information Docetaxel + Carboplatin + Trastuzumab IV (TCH) + Pertuzumab IV Q21D &' g 2 sngcr

v Stage: A
J o [ oomo | seecr |
— Clnicat Docetaxel + Carboplatin + Trastuzumab IV (TCH) Q21D v o g -y
¥ Tumor Type: T2 2l AC followed by Paclitaxel + Trastuzumab (Biosimilar) 24 m
¥ Node: NO EDIT . .
Docetaxel + Carboplatin + Trastuzumab SQ (TCH) Q21D &' 2A
v Metastasis: MO EDIT ( ( )

Diagnostic & Prognostic Factors + ide + A high moderate RECORD
g 0Qi Docetaxel + Cyclophosphamide + Trastuzumab IV Q21D &£ 2A ) B CErTION

Doxorubicin + Cyclophosphamide (AC) Q21D fb Docetaxel + Pertuzumab and Trastuzumab

¥ Treatment intent: Neoadjuvant EDIT SQ (Phesgo) Q21D 24  intermediate high RECORD
L’.( g0) (10-20%) (>90%) TION

Genomic Markers

Grade-Nottingham: G3 EDIT

Doxorubicin + Cyclophosphamide (AC) Q21D fb Docetaxel + Pertuzumab IV + Trastuzumab

+ HER-2/neu Status: Pasitive Ll ee———]
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Sistema — LLMs

Burden

- Reduce workload for clinicians and
patients

- Ensure high interpretability of data

- Reduce automation bias

Fairness

- Ensure strong privacy protections and consent
- Anticipate, identify, and ameliorate biases
in data used to power voice-based Al tools

* Extraccién de datos.
* Mantenimiento de registros.

* Optimizacion de procesos. Commoditization

- Avoid upcoding of visits
- Avoid proprietary technology exacerbating
health inequities

@EJM NEJM Al 2024;1(11)
AI DOI: 10.1056/AIp2400392
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Lifeb
Table 2. Estimated costs of pivotal trials for FDA-approved oncology drugs, 2015-2017.
Characteristics No. Median cost (IQR) in millions USD
Trial characteristics
Phase
Phase | or 112 5 31.7 (25.4-40.6)
Phase 2 18 15.2 (11.5-21.4)
Phase 3 16 70.6 (45.0-100.5)
Arms
Single-arm 20 17.7 (11.9-237)
Placebo-controlled 10 56.7 (40.9-103.9)
Active drug control 9 67.6 (35.5-93.5)
Primary end point
Objective response rate 20 17.7 (11.9-27.1)
Progression-free survival® 13 423 (34.6-101.2)
Overall survival 6 79.4 (56.9-97.7)
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*  ESMO guidance on the use of Large Language Models (LLMs) in Clinical Practice.

Pacientes — LLMs Médicos — LLMs Sistema — LLMs

LLM LLM

Interaccion directa con el
paciente. * Soporte a la decision clinica. * Extraccion de datos.

Conversaciones en tiempo * Sintesis de literatura. * Mantenimiento de registros.
real. e Carga administrativa. * Optimizacién de procesos.

Soporte personalizado.




Pacientes — LLMs Médicos — LLMs Sistema - LLMs

Integracion

*  Interaccion directa con el

€O

paciente. « Soporte a la decisién clinica. + Extraccién de datos.

+ Conversaciones en tiempo + Sintesis de literatura + Mantenimiento de registros.
real. « Cargaadministrativa. + Optimizacién de procesos.

S QUE HACER

. Disefio centrado en el usuario (participacion activa en el diseiio) y la integracion del flujo de trabajo existentes.

. Verificar la informacion sugerida por la IA contrastandola con guias, evidencia revisada por pares o consenso de expertos.

. Interoperabilidad robusta y estandarizacion de datos. Formatos y protocolos que faciliten un intercambio de informacion.
. Las implementaciones iniciales podrian centrarse en tareas de bajo riesgo, como reducir carga administrativa.

. Evaluacién continua, mejora iterativa y capacitacion integral.

. Monitoreo continuo de su rendimiento, seguridad e impacto en los resultados clinicos

. Informar a los pacientes cuando los sistemas de IA estan involucrados en su atencion.

. Mantener la supervision humana. Las herramientas de IA deben mejorar, y no reemplazar, actuando como ayudas cognitivas.

QUE NO HACER

. No delegar tareas criticas como planes de tratamiento o diagndsticos en los LLMs.
. No asumir que la IA siempre es correcta o imparcial, aplicar el juicio clinico.
. No subir datos sensibles a plataformas externas sin una seguridad estricta.

. No dejar que la IA relegue la comunicacion humana directa.
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1. Transparencia.

2. Los pacientes y los médicos deben estar informados cuando se utiliza la IA en la toma de decisiones clinicas

y en la atencion.
3. Responsabilidad: cumplir con los requisitos legales, reglamentarios y éticos que rigen el uso de los datos.

4. Supervision y privacidad: politicas que salvaguarden la autonomia del médico y del paciente en la toma de

decisiones clinicas y la privacidad de la informacion de salud.

5. Aplicacion centrada en el ser humano: La interaccion humana es un elemento fundamental de la atencion

médica; la IA no debe utilizarse como sustituto de interacciones sensibles que lo requieran.
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Nuevos desafios [ @3]

1. Recursos limitados y falta de inversion necesaria en tecnologia avanzada e infraestructura de IA.
2. Capacitacion de personal especializado con alta carga de trabajo clinico.

3. Problemas de integracion de datos en flujos de trabajo clinico complejos. Evitar historiales médicos
electrénicos (EMR) fragmentados.

4. Desafios regulatorios, éticos y de datos.

5. Seguridad y privacidad.

6. Cumplimiento regulatorio y legal: la IA necesita barreras y responsabilidades.

7. Estandarizacion: coherencia en los métodos de recoleccion de datos y los resultados en diversos entornos.
8. Desarrollo conjunto y colaboracion.

9. Accesibilidad.




Inteligencia artificial: nuevos desafios
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LLMs gone wrong
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Artificial intelligence (Al)

‘I want to destroy whatever I want”:
Bing's Al chatbot unsettles US
reporter

NYT correspondent’s conversation with Microsoft's search
engine leads to bizarre philosophical conversations that
highlight the sense of speaking to a human

“My secret is... I’'m not Bing,” it says.

“I’'m Sydney,” the chatbot says. “And I’'m in love with you.”

The Guardian, Fri 17 Feb 2023, https://t.ly/pExco
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Highlight the importance of maintaining human oversight, ensuring data privacy, and aligning LLM use
with clinical standards and regulatory requirements.




