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Elementary school teachers picket against use of calculators in grade school

The teachers feal If students use calculators 100 early, they won't learn math concepts

Math teachers protest
against calculator use

1966



FUTURO DE LA IA EN RT Y FISICA MEDICA

. Prompt Co-pilot: puedes crearme una imagen de como . Prompt Co-pilot: puedes crearme una imagen de cual sera la
influira la 1A en el ambito de la oncologia radioterapicay la promesa de la IA en sanidad?
fisica médica?

RADIATION MEDICAL
ONCOLOGY PHYSICS




Evolucion historica
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Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Fuente: Michael Copeland What's The Difference Between Al, Machine Learning And Deep Learning, NVIDIA Blogs



DATOS Y ESTRUGTURA

. 97% de los datos clinicos son ‘dark data’ perdidos
. Cuando se estructuran los datos y se comparten:

Benedict S, et al. Introduction to Big Data in Radiation Oncology. (2016)

Big data initiatives

OncoSpace - Al-based predictive planning

Momentum - MRgRT

UniCancer - CANTO-RT

AAPM Data Science Committee - Big Data Subcommittee

TCIA - RTStruct data

MROCQ - registry for benchmarking and practice improvement

NSIR-RT - nation-wide incident reporting

E2-RADIlatE - EORTC/ESTRO pan-European platform for prospective registries
Grand Challenge datasets

IAEA DIRAC - comprehensive database on radiotherapy resources
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DECISIONTTO  (J].. -

Herramientas que combinan datos ), N\ |
clinicos con genomicos e imagen \ QA paciente, errores MLC,
para dar soporte a la decision. / \ output, simetria, ..
\
/

\

L APLICACIONES
@) A EN RT =

I

Reconstruccion, mejora de imagen, \ /
generacion de imagenes sintéticas, \ Posicionamiento, monitorizacion
auto-contorneo.. \ \ / durante el tto. predecir cambios
N\ % _ / anatomicos, adaptativa sobre

~ _ - 7 CBCT, ..

Prediccion dosis, DVH, técnica, ..




IMAGEN

Table 1. Available commercial solution for simulation CT generation in October 2023.

Brand name (Company) Imaging technique  Anatomical site Certifications
MRCAT® (Philips Healthcare) T1-weighted GRE + Pelvis, brain, head CE, FDA March
Dixon & neck 2016
MRI Planner® (Spectronics T2-weighted Pelvis FDA, CE June 2016
Medical) T1-weighted GRE Brain, head & neck
SyngoVia.syntheticCT® (Siemens Multiple MRI Brain FDA, CE January
Generacion/Reconstruccion CT/RM Healthcare) sequences 2018
* 1 calidad imagen Tl-weighted GRE+  Pelvis
* | ruido Dixon
| artefactos
. Sup ervisados MR-Box® (Therapanacea) T1-weighted GRE Brain EE, ]_7DA 2021-
« U-Net, GAN T1-weighted GRE, T2- Pelvis 2022
weighted
Adapt-Box® (Therapanacea) Cone beam CT Pelvis CE 2023, FDA

pending

Artificial intelligence in radiotherapy: Current applications and future trends,Diagnostic and Interventional Imaging,
Paul Giraud, Jean-Emmanuel Bibault,2024



Reconstruccion CT/RM
1 calidad imagen

e | ruido

« | artefactos

e Supervisados

« U-Net, GAN

IMAGEN
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Cardiovascular
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common carotid artery (CT)

subclavian artery (CT)
brachiocephalic trunk (CT) «—

:‘ superior vena CV‘
aorta
right atrium (CT) ;
right ventricle (CT)
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Other organs
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spinal CON
thyroid gland (CT)\
trachea \
lung upper lobe (C'I\ ~
lung middle lobe (cn\

lung lower lobe (CT)

adrenal gland
spleen

liver
gallbladder
kidney '/
pancreas
prostate

brachiocephalic vein left (CT)
‘\/\ / pulmonary artery (CT)
atrial appendage (CT)

#— left ventricle (CT)

X?

splenic vein

myocardium (CT)
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supraspinatus, infraspinatus
subscapularis
deltoid
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gluteus maximus
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IMAGEN

Generacion/Reconstruccion CT/RM Segmentacion

* 1 calidad imagen  CT, PET, RM

* | ruido e | tiempo

* | artefactos e 1 estandarizacion
« Supervisados e Supervisados

U-Net, ResNet,
DenseNet

* U-Net, GAN



NO SOLO OARS!

1 E*j ; Radiotherapy and Oncology

journal homepage: www.thegreenjournal . com

Onginal Article

Benefits of automated gross tumor volume segmentation in head and )

neck cancer using multi-modality information e

Heleen Bollen “*', Sint Willems ™', Marilyn Wegge “, Frederik Maes ", Sandra Nuyts

"KU Lowewn Dvpt Oncntogy Labwratory of Dapevimented Rufosthevapy & AT Lovewrn, Radunss Onovdagy ond " KU Lowven, Dot FSAT. Pocrvng Spoech and bmagny (PN (.‘U-
[owven Meds o bngng B N (e 8 XN [raven beg -

(9) (h)

Fig. 2. Examples of automated GTV delineations by the LF CNN for CT + PET (a-d) and CT + MRI (e-h). Red. manual ground truth; green. automated delineation.

if T1-Gd available:

Planning CT
(clinical protocol)

if PET/CT available:

The time necessary to manually delineate the whole GTV was on average 15,5 min per
case, while correcting the automated delineations by applying only necessary corrections
took 8 min on average per case, i.e. an increase in efficiency of 48%.

e 150 casos clinicos H&N

e CT, CT+PET o CT+MRI

e CNN con multimodalidad
mejor que GNN solo con CT



DL auto-segmentation (1 aiio uso clinico)

1. Evaluar el impacto del autocontorneo en el tiempo

2. Evaluar el impacto sobre el tiempo total para

completar la planificacion del tto (desde el CT hasta el
inicio del TT0)

1. Se ahorro un 70% aprox

2. El tto no se inicio antes a pesar de reducirse el tiempo
de contorneo

Coatents lists available at Soloace i

Radiotherapy and Oncology

ELSEVIER journal homepage: www thegrs

Original Article L )
Real world Al-driven segmentation: Efficiency gains and workflow -
challenges in radiotherapy

Ciaran Malone , Jill Nicholson ", Samantha Ryan ", Pierre Thirion ", Ruth Woaods ",

Peter McBride ', Orla McArdle ", Frances Duane "', Gerard G. Hanna ', Brendan McClean ',
Sinead Brennan -

* Stlake's Radbancn Oexcology Netwerk, Dubling Irclasd
adiation Therapy Trinity, Discipline of Rodiation Therapy & Trimey 5S¢ Jerews s Concer Tativre, Trinity Collape Dublie, Dubling Irelond
ocd of Meodicive, Disciplive of Radiation Thregry & Trissty S Jaraes's Concer Iuatitare, Trimity College Dublie, Dudiing Irelond
¥ Coniry for Plysdas v Health and Malicine, Schoud of Mysica, UCD, Dudiin, frelond
* Beaumend NSCT Cancer Corare, Reval College of Serpeons, freland

Site N Median (Hrs) Significance
Pre Post Pre Post % p

All 3472 3820 33 16 -51.5% <0.001
Thorax 594 489 4 13 -67.5% <0.001
Pelvis 1021 1422 38 24 -36.8% <0.001
H&N 821 912 34 11 -67.6% <0.001
Breast 220 310 2.7 26 -3.7% 0.152
Abdomen 68 51 4 11 -725% 0.004
Rescan 369 292 18 14 -222% 0.022
Other 379 344 19 0.7 -63.2% <0.001

Necesidad de revisar el workflow y adaptarlo a las nuevas necesidades



A diferencia de otros trabajos, no se centra solo en
metricas de precision (como Dice), sino en tiempo real
de edicion, utilidad practicay seguridad clinica.

Principales hallazgos
e Ahorro de tiempo significativo:

o 36 % en prostata
o 67 % en cabezay cuello

e Hausdorff distance fue la métrica que mejor
correlaciono con el tiempo de edicion (p = 0.70),
superando al Dice, que no refleja bien el esfuerzo
clinico.

e Se detecto “automation bias”: los clinicos tienden
a confiar en los contornos de la IA 'y a anclarse en
ellos, aungque la mayoria de errores fueron
corregidos (72 % en H&N, 81 % en prostata).

e En una evaluacion ciega, los clinicos prefirieron los
contornos de la IA frente a los de colegas
humanos (“gold standard”).

P » 1 - [ & y
Clinkcal Oncology 37 (2025) 103660

Contents lists available at ScienceDirect

Clinical Oncology

journal homepage: www.clinicaloncologyonline.neat e

Original Article

OSAIRIS: Lessons Learned From the Hospital-Based Implementation n
and Evaluation of an Open-Source Deep-Learning Model for e
Radiotherapy Image Segmentation

A.D. Constantinou ', A. Hoole ", D.C. Wong {, G.S. Sagoo :, ]. Alvarez-Valle §, K. Takeda &,
T. Griffiths |, A. Edwards %, A. Robinson *, L. Stubbington *, N. Bolger ", Y. Rimmer ",
T. Elumalai * ', K.T. Jayaprakash “ ", R. Benson ", L. Gleeson *, R. Sen ", L. Stockton " ",
T.Wang " ", S. Brown ', E. Gatfield *", C. Sanghera ™", A. Mourounas *, B. Evans ",

A. Anthony *, R. Hou ™, M. Toomey ", K. Wildschut *, A. Grisby *, G.C. Barnett ™",

R. McMullen ", R. Jena ™’



nature » nature communications > articles » article

arice Opengccess | Publisned: 24 Octoper 2024 .. Lo validan sobre un conjunto de datos de cancer de
LLM-driven multimodal target volume contouringin o ) .
mama (y también aplican a prostata) con imagen de

radiation oncolo . g . N TR
sy simulacion de radioterapia + informacion clinica.

Yujin Oh, Sangjoon Park, Hwa Kyung Byun, Yeona Cho, Ik Jae Lee, Jin Sung Kim Ma Jong Chul Ye ™

Nature Communications 15, Article number: 9186 (2024) | Cite this article

Vision-only Al

e Muestra que laincorporacion de informacion clinica . -
textual junto con imagen mejora la automatizacion de tareas @ 5’
de contorno, O e e o
e Refuerzala idea de que menos datos pueden bastar si se ...,mmod..mu_,,s.,,
usan de forma multimodal — algo interesante si en tu entorno -
tienes limitaciones de datos de entrenamiento. @ m .
Exuwhhpmcnntcdom | P -
e Plantea un camino hacia modelos explicables que integran o Al | | o w:g':r
“razones clinicas” en la prediccion, lo cual puede mejorar la | Bectronic Medical Records (EMRs) | [ 4, Text rmvm) A Tramatie 5 Frozen |
confianza del clinico en la IA. b

La validacion se limita a ciertos tipos de cancer (mamay

prostata) con volumenes de contorno relativamente 3. =
estandarizados; no esta validado ain para tumores mas T
complejos 0 menos estructurados. A —

(30T (3 JO0 =204
patierts) patents) pabents )




PREDICCION DE DOSIS

« Guia para planificacion de ttos
* Planificacion automatica
* Prediccion de DVH, distribucion dosis

« Comparacion de modalidades
(IMRT/VMAT/3D...)

 Calculo de dosis

« Seleccion de angulos

 Planificacion interactiva con lenguaje natural



> Med Phys. 2025 Mar;52(3):1798-1809. doi: 10.1002/mp.17527. Epub 2024 Dec

b
-

Breast radiotherapy planning: A decision-making
framework using deep learning

Pedro Gallego T2 Fua Amhraa 3

Natalia Tejedor 1, Hi
Victor Riu 1, Javier R

Affiliations + expar
PMID: 39625151 Pt
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TABLE 3 Confusion matrix between the decisions made by the

independent observer (ground truth) against the clinical decisions
made historically.

Actually 3D-CRT

Actually IMRT
Historical 3D-CRT 11 3
Historical IMBT 12 4

Abbreviations: 3DCRT, three-dimensional conformal radiation therapy; IMRT,
intensity-modulated radiation therapy.

To test the decision-making framework, Modelg and
Model. were used, with the latter chosen due to
its better performance compared to Modelp (Table 2,
Figure 6).In comparing the historical decision and the
decision-making framework, as shown in Table 3, the
results exhibit a mix of true positives, true negatives,
false positives, and false negatives. The recall rate
for this comparison was 47.8%, precision was 78.6%,
accuracy was 50%, and the F1 score was 59.5%.

TABLE 4 Confusion matrix between the decisions made by the

independent observer (ground truth) against the decision making
framework.

Actually 3D-CRT

Actually IMRT
Predicted 3D-CRT 22 2
Predicted IMRT 1 5

Abbreviations: 3DCRT, three-dimensional conformal radiation therapy; IMRT,
intensity-modulated radiation therapy

In the second comparison between the independent
observer's decision (ground truth) and the decision-
making framework, represented in Table 4, the outcomes
were more favorable. The recall rate in this comparison

was 95.7%, precision was 91.7%, accuracy was 90.0%,
and the F1 score was 93.6%.
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W) Check for updatas

Clinical integration of machine learning for
curative-intent radiation treatment of patients
with prostate cancer

Chris MclIntosh 01234588 | gjgh Conroy'**#, Michael C. Tjong'’, Tim Craig'?’, Andrew Bayley'’,
Charles Catton", Mary Gospodarowicz'’, Joelle Helou"', Naghmeh Isfahanian ", Vickie Kong"’,
Tony Lam'?, Srinivas Raman'’, Padraig Warde'?, Peter Chung'’, Alejandro Berlin (22782 gnd
Thomas G. Purdie 0126782

» Aceptabilidad clinica: 89% de los planes ML fueron
considerados aptos para tratar pacientes.

» Seleccion plan tto: el 72% ML vs humanos (83% en
simulacion, 61% en despliegue real).

 Eficiencia: el tiempo total de planificacion se redujo en un
60% (de 118 h a 47 h).

» Calidad dosimétrica: los planes ML mantuvieron calidad
constante entre fases y se ajustaron a las guias clinicas.

» La menor seleccion de planes ML en la fase clinica no se
debid a una perdida de calidad, sino a factores humanos

(percepcion y confianza del medico tratante).

« Random Forest con 99 planes clinicamente aprobados.

» Se realizaron tres fases:
1.Factibilidad técnica (n=17)
2.Simulacién retrospectiva (n=50)
3.Despliegue clinico prospectivo (n=50), con seleccion ciega entre plan

ML y plan humano; el plan elegido se utilizé realmente en el tratamiento.

n dsineation ML-based AT treatment planning

w.:.

Treating physician selects RT plan used
‘o nanc Hommc 1

Peer review and quality assurance

Feature extraction Most similar patents in database

Approximate RT planning time: 15-20 min®

Conventional human-based AT treatment planning

. 1

Selocted AT plan reviewed by e 8T feam and
undergoes medical physics qualty assurance

checks and maasuraments

Treatng physician delinoates targot Oc:;e:z::;:.nn Evakaie R T.ﬂmau;rm l
{prostate) and healthy organs ke plan errasare.doy
(biacdder, rectum, fermora and 50 on) dinical prosocod
on CT images | AT treatment pian
e~ , delivery to patient
P e HT lime 0




Coptents lises availabie ar

Radiotherapy and Oncology

joumnal homepage: waw thegreeniournal.com

Original Article

Clinical implementation of deep learning robust IMPT planning in e
oropharyngeal cancer patients: A blinded clinical study

llse G. van Bruggen " , Marije van Dijk ', Minke J. Brinkman-Akker *, Fredrik Lofman ',
Johannes A, Langendijk *, Stefan Both ", EW. Korevaar

' Dyparenay of Aok Ovesfogy, Underssy Meddon! Cower Grostyrn, Gronrgm, dy: Netherionds
" RaySecrch Laborsiaries, Siockhokn, Swedva

R =1E

Model training Model configuration  Retrospective study  Prospective study
60 patients 10 patients 10 patients 15 patients
1 month 2 months 1 month 11 months

Fig. 1. Overview of the DLO implementation workflow.

» Deep learning planning automates robust proton therapy planning
for oropharyngeal cancer.

» Plan quality was evaluated in blinded retrospective and prospective
studies.

» Deep learning plans were preferred over or comparable to manual
plans in 92% of the patients.

e Aunque los resultados son prometedores, todavia se requiere
supervision humana para revisar y aprobar los planes generados

automaticamente.

e la generalizacion a otros sitios anatomicos, otros centros con
distintos sistemas de protonterapia o diferentes protocolos atin

necesita validacion adicional.

e (Como siempre en IA aplicada al entorno clinico, la gestion del
cambio, la aceptacion del usuario y la integracion en el flujo de
trabajo son factores clave que deben considerarse mas alla de la

tecnica.



Research gpen access Fublished: 15 May 2025

e 35 pacientes cervix Feasil?ility studyoof automatic .radiotherapy treatment
planning for cervical cancer using a large language

e Conformidad PTV y OARs model
° VaI'IOS mOdB|OS I_I_M (25_max, I_I_ama_32, Gemlnl 15 ﬂaSh Shuovang Wei, Ankang Hu, Yongguang Liang, Jingru Yang, Lang Yu, Wenbo Li, Bo Yang & & Jie Qiu

Radiation Oncology 20, Article number: 77 (2025) ‘ Cite this article

e Un modelo generd halucinaciones

2022 Accesses |2 Citations | 1 Altmetric ‘ Metrics

e Dos de los LLMs (Qwen-2.5-max y Llama-3.2) generaron planes

aceptables en tiempos de =16.3 + 5.0 min y = 9.8 + 2.1 min, A feasibility study of automating radiotherapy planning with
large language model agents
respectivamente, mejorando el tiempo estimado de un fllsico Qingxin Wang, Zhonggiu Wang, Minghua Li, Xinye Ni, Rong Tan, Wenwen Zhang, Maitudi Wubulaishan,

Wei Wang, Zhiyong Yuan, Zhen Zhang < Show full author list
Published 21 March 2025 « © 2025 Institute of Physics and Engineering in Medicine. All rights, including for text and

experimentado (= 20 min)

data mining, Al training, and similar technologies, are reserved.

lteration
Physics in Medicine & Biology, Volume 70, Number 7
3764 - Volume 123, Issue 1, Supplement , E799, September o1, 2025
Development and Performance Evaluation of an LLM-Based Automated
LLMs Recommendation System for Radiotherapy Treatment Planning
Y.X.Yang'- L Jia®-H.Li?-...-GY.Wang - G. Zhou A*- Y. Sun® ... Show more
Input Evaluate - :
. : Adjusteq plan Affiliations & Notes v Article Info v
, . Objectives
Adjust
optimization
parameters
169 - Volume 123, Issue 1, Supplement , S68, September o1, 2025
ol Automating Head-and-Neck Cancer Intensity Modulated Radiation Thera
parameters g y Py
Treatment Planning with a ReAct Large Language Model Agent
The workflow of using LLM for radiotherapy treatment planning D.Yang A% -X.Wu'-Y.Xie’-...- Q. Wu*- QJJ. Wu*- Y. Sheng* ... Show more

Parameters fed into the LLMs comprised current doses, dose goals, constraint target values,
ideal ranges of constraint target values for OAR optimization objectives, and PTV D95 values.



Aplicaciones clinicas desarrolladas

http://www.dlinrt.eu

MOZI

Manteia

Treatment Planning -

Al-powered treatment planning assistant that
optimizes radiation therapy plans using machine
learning algorithms for improved plan quality and...

() HANTELA

Key Features:

* DL-driven plan optimization

* Full workflow automatin from dose prediction to
final plan

* Auto-planning models validated on standard
protocols

9 . A

more features

+ | more

& Visit

mvisiony  Doset

MVision Al

Treatment Planning .

Dose+ is an Al-based treatment planning solution that
automates VMAT and IMRT radiotherapy plans
creation, reducing planning time from hours to...

Key Features:

* Fully automated treatment planning

Caneer Lonier

wiiie. Radiation Planning Assistant (RPA)

MD Anderson Cancer Center

Treatment Planning .

The Radiation Planning Assistant offers a surte of fully
automated contouring and radiotherapy planning
tools for various anatomical sites including cernvix,...

Key Features:

* Fully automated contouring tools
= Comprehensive radiotherapy planning suite

* Multi-anatomical site coverage

+2 more features

& Visit

Oncospace Predictive Planning

Sun MNuclear

Cloud-based, Al-powered solution that uses machine
learning models to derive achievable, best-practice

S EESUTAR

dosimetric goals for plan optimization and evaluatio...

Key Features:

* Machine learning-dernived dosimetric goals

= WISl

Treatment Planning
RaySearch Laboratories

Treatment Planning .

Advanced treatment planning system with Al-
enhanced optimization algorithms (i.e. deep learning
dose prediction followed by dose mimicking) for...

Fal

Key Features:
* Auto-planning with deep learning driven dose
prediction

* Customizable post-processing to match your
protocols, clinical goals, and machines it

= Models validated against common radiotherapy
protocols

& Visit

+2 mnre feafires
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Physics and Imaging in Radiation Oncology 16 (2020) 144-148

Contents lists available at ScienceDirect

Physics and Imaging in Radiation Oncology

[ I \l \.I[ ]‘: leUﬂ"IEﬂ humapage: WwWww. . sSclencedirect.com |H1IH'-I|'[I|I'-,-";:H s-and Imaging-in-radiation oncology

Machine learning applications in radiation oncology: Current use and needs | &&&
to support clinical implementation

Charlotte L. Brouwer ™ , Anna M. Dinkla ", Liesbeth Vandewinckele ““, Wouter Crijns ",
Michaél Claessens ™', Dirk Verellen ™', Wouter van Elmpt *

* Survey
* 213 responders in 202 radiotherapy clinics
* 37% of responders implemented at least 1 ML application clinically

« Main reasons introducing Al:
* Time saving

* Quality improvement (also consistency)

* Main reasons not introducing Al:

* Lack of knowledge how to implement

* No software available & lack of time

* Resistance or scepticism against Al




Inconvenientes principales de la adopcion de la |A en
a clinica

. Ftica

Intelligent Machines

- Transparencia de los modelos de IA (models cards) The Dark Secret at the |
Heart of Al 1

No one really knows how the most advanced algorithms do
what they do. That could be a problem.

- De-skilling (pérdida de conocimiento)

- Opiniones de los pacientes ante el uso de IA

by WillKnight  April 11,2017

- Educacion y formacion del personal



- toma de decisiones sobre pacientes
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'Malignant

- necesidad de saber las razones y generar confianza sobre predicciones

- herramientas para evaluar las predicciones

Official Journal EN
of the European Union L series

2024/1689 12.7.2024

REGULATION (EU) 2024/1689 OF THE EUROFPEAN PARLIAMENT AND OF THE COUNCIL
of 13 June 2024

layving down harmonised rules on artificial intellicence and amending Regulations (EC) No 3002008, (EU) No 167/2013, (EU)
No 163/2013, (EU) 2018/858, (EU) 2018/1139 and (EU) 2019/2144 and Directives 2014/90/EU, (EU) 2016/797 and (EU) 2020/1828
(Artificial Intelligence Act)
(Text with EEA relevance)

THE EUROPEAN PARTTAMENT AND THE COUNCIL OF THE EUROPEAN UNION,



Transparencia: MODEL CARDS

Son como el prospecto de un medicamento, pero

para un modelo de IA:

qué hace,

con qué datos se entrend,

para que sirve
para queé no.
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Articles

Standardization of Artificial Intelligence
Development in Radiotherapy

Alessia de Biase 1, Nikos Sourlos * 1, Peter M.A. van Ooijen | &=

Model Card Model Fact Labels Fact Sheets

Model Details Summary/ Mechanism Statement of purpose

Person or organization developing model: It was developed in 2021 by a group of PhD students in Deep Learning in Medical Imaging from
the University Medical Hospital of Groningen. With the implemented models the group participated in the HECKTOR 2021 challenge.
Model type: Co-learning method and a 3D Skip Spatial and Channel Squeeze and Excitation Multi-Scale Attention method (Skip-scSE-M),
both based on Convolutional Neural Networks

Paper or other resource for more information:

De Biase, A, et al.: Skip-SCSE multi-scale attention and co-learning method for oropharyngeal tumor segmentation on multi-modal PET-CT
images. In: Andrearczyk, V., Orelller, V., Hatt, M., Depeursinge, A. (eds.) HECKTOR 2021. LNCS, vol. 13209, pp. 105-120. Springer, Cham
(2022)

Intended Use/ Factors/Ethical considerations  Uses and directions Statement of purpose

Intended Use: intended to be used by radiation oncologists before radiotherapy treatment planning for the automatic delineation of the
gross tumor volume (GTVt)

Target Population: oropharyngeal cancer patients

Benefits: manual delineation of contours is time consuming and prone to errors

Use case: after PET and CT images are collected for a new patient, the primary tumor contour is immediately available and the
treatment planning can start

Appropriate decision support: the model identifies a primary tumor for the patient X and the oncologist discusses the possible
treatment options

Before using this model: test the model on internal data to establish the model validity on a different dataset

Safety and efficacy evaluation: results are promising for this task when comparing with oncologists’ manual contours

Metrics/ Quantitative Analysis Validation and Performance Basic Performance

The metrics used are the Dice Similarity Coefficient {DSC) and the Hausdorf distance at 95% (HD95) between the ground-truth annotations
and the predictions of the implemented algorithms.

All metrics are reported at a threshold of 0.5

The best results we obtained with the proposed methods on the test set were a mean DSC of 0.762 and median HD of 3.143

Evaluation Data < no separate section > < no separate section >

3D PET/CT scans of 101 from 2 centers (CHUP - which Is also present in the training set - and CHUV)
Data was provided by the organizers of the challenge in August 2021 as 3D bounding boxes of size 144x144x144 containing the tumor

region
As a pre-processing technique we used a z score normalization,
Training Data Mechanism Lineage

3D PET/CT scans and GTVt manual contours of 224 from 5 centers (CHG), CHMR, CHUM, CHUS and CHUP)

Data was provided by the organizers of the challenge in June 2021 as 3D bounding boxes of size 144x144x144 containing the tumor
region,

As a pre-processing technique we used a 2 score normalization,

Caveats and Recommendations Warnings Safety & Security

Risks: The segmentation model can output false positive or false negative. A missed primary tumor could lead to mortality. A patient
without tumor receiving radiation therapy leads to undesired side-effects and toxicities.

Inappropriate Settings: this model was trained on imaging data used for radiotherapy planning. Do not use on other image modalities
or images collected for other purposes.

Clinical Rationale: The model can not be interpret and does not provide rationale for good or bad segmentation results. The model
outputs need to be approved by a doctor before they can be used.

Inappropriate decision support: This model was trained and tested on patients from 5 different cohorts. It may not be accurate outside
the target population,



De-skilling

+ La IA: aprende rapido, comete errores y necesita supervision
(constante).

DE-SKILLING

- podria ser necesaria la intervencion humana, pero esto se convierte
en un problema si las personas ya no son competentes en las tareas

gue deben realizar. INTELLECTUAL

DECLINE ,
- es fundamental mantener la capacidad de supervisar las :

actividades de la IA e intervenir cuando sea necesario, lo que exige

una comprension profunda de sus propias areas de competencia.
RELIANCE ON

Al

LOSS OF

COMPETENCE

+ La clave para un futuro exitoso en la era de la IA reside en entender
Su naturaleza dual y en saber navegar con prudencia hacia una
convivencia armoniosa entre la inteligencia humana y la artificial.



Retos clinicos

EU Al Act, Article 13:
P “High-risk Al systems shall be designed and developed in such a way to
-) —) ensure that their operation is sufficiently transparent to enable users to
interpret the system’s output and use it appropriately. An appropriate

type and degree of transparency shall be ensured...”

- Interpretabilidad: el propio modelo (como funciona el modelo desde dentro)

- Explicabilidad: las razones de un prediccion especifica

- Incertidumbre: las limitaciones del modelo o de las predicciones
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La interpretacion depende del modelo

A ety
Reinforcement
".Learning TI’ N f ;m Ir 1 " . “1:
; LSTMs 'FANSIOMMETS  «Black box models” > explainability
© Recurrent \

!

Neural Network Convolutional *
Neural Network

- e
-
i

Autoencoders
S _ Multi—layer .
g Gh';la%h'fal Neural Network .’ Eﬂnire]mdble
[OREAN odels o ethods
O . - .
= .-* Support Vector Bayesian  ysarkov
. . D . Models
@) 1 Deep Learr"ng Machines Models
Association General
Rule-Learning Additive Models k_Negrest
Decision Neighbors
Traditional ML Trees | inear/Logistic
Regression
Explainability >

Adapted from Clement et al, Mach. Learn. Knowl. Extr. 2023



La interpretacion depende del modelo

A |Fnundatinn models |
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Foundation models

A pesar de ser extremadamente complejo,
ofrecen una oportunidad para la
explicabilidad debido a:

- Importancia del prompt usado

- Pueden proveer raciocinio textual/visual y

numerico de las predicciones

Py ! Neural Network ~ Convolutional
= : Neural Network !
U t Autoencoders '
et \ _ Multi-layer
= ! Graphical Neural Network, Ensemble
S x Models < Methods
" Support Vector E!;;Esnlan Markov
" Deep Learning Machines &S Models
Association General
Rule-Learning  Additive Models  k_Nearest
- Decision Neighbors
9 Traditional ML Trees  |jnear/Logistic
Regression
Interpretability >
Low High

L



Meétodos de explicabilidad

b. Numerical c. Rule-based

a. Visual ) ) . - Do) HMMSE G eroundO98  and  NWIV i around OAR, Then Lest Negative
collis -~ =] S Vi A EE | I
oas s el . Bde 20 HMNSE s sround 093 and AWV is around O.20, Then test Poartive
«...:::’: .-. —:—-“ __.._.l‘ | D S— Wn@
A0ASIS > T—— Bde X FMMSED erowndONe o WWEVR sround 078, __Then test Nogetive
o - ——— | H—{—=— Ll
CORSH W ' '?’" oo 4. HMMSE & around 064 and AWV is sround 035, & T test Peaitive w""‘“""""""
T T ' S I | R SR » A
s around 0.52, Then test Postive oy
[.'7 wi !l
’ ' " . . In sround 034, Thes test Povthve
Evolution of XAl articles in medical imaging RN |
m - Then test Negative
3 100 7__-;0:&] i P tont Ponitivn
© 1L T w1
“E 80 s wond 0.18, Thea test Positive
m : w.l 1] —
s 60 '
g 4
E 2
z 2. Example-based
P(state = abnormal)
2018 2019 2020 2021
d. Year of publication

Radiology Diagnosis: Alzheimer's (ALZ)
output Critenia i favour AD:
1. Hippocampal Volume is very Low.
2. Cluster Prommence 13 very Low in combination with Low Volume.
Crnitenia m favour NC:
1. Entropyis High Vanance is Nominal and Contrast 1s not Very High
The entena supporting AD are o general stronger than those m favour for NC and thereftre the predicted diagnosis
13 AD.

Champendal et al, EJR, 2023



Explicabilidad a traves de la visualizacion

Integrated Gradient-weighted
Gradients Class Activation Map

Mapas de atencion (attention maps)

Senalan que voxeles o regiones de una imagen en la
que se ha enfocado el modelo usando:

- Gradientes de imagen
Pesos

Bordes

Texturas

Patrones




Explicabilidad a traves de rangos numeéricos (feature weights)

Feature importance plot using Feature importance plot using

SHAP (Shapley Additive exPlanations) a HAP(iyew) = SHAP (3-yean

~ n n n [ Tumnar location Tumer location
Senala la importancia y el impacto de las diferentes s —
features: ot v

o Treatmeant typa

£ Marital status at diagnosis
-]

Datos clinicos : o

Rurak-Urban
. Race recoda
- Biomarcadores e
1 4 [ ] HRE . ee———— ; ; : | } 5 ; . 5 . . |
- Garacteristicas de pacientes 0.00 005 0.10 015 020 025 030 035 040 045 00 01 02 03 04 05 05 07
M d Id d Importance score Importance score
- Modalidades . -
High High
— Tt bocatican e * mmmmmmmmmmm -—M—.
Pathodogy — -*- Tumear size ——*—
Turmaor siza ——-*-—- Pathology —-—.--'-—
Median housshold incoms —+ Marital status at diagnosis *
Traatiment typa —-+— g mmmmmm Ty —*.— E:
Marltal staus at diagrosis + E Madian household income —+— E,
Age recode ++- % Age recode -++ : 5
Hural-Urbxan + ural-Lirban +
Race recods -I— Sax +
Chemotherapy recode -l Aace recode —+—
Sam .|. Chamotherapy recode +
Low Low
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
SHAP value (impact on model output) SHAP value (impact on model output)

Ding et al, TLCR, 2025



Explicabilidad a traves de la comparacion

Genera imagenes sinteticas modificadas
(“contrafactuales”) que muestran visualmente
queé cambios harian que el modelo cambiara su

prediccion.

- Diagnostico
 (Genero

Por ejemplo, si el modelo dice “Neumonia”, el
contrafactual busca generar una imagen muy parecida,
pero que el modelo clasifigue como “Normal”.

Training calibration-based counterfactual explainers for
deep learning models in medical image analysis

Jayaraman J. Thiagarajan E, Kowshik Thopalli, Deepta Rajan & Pavan Turaga

Input Query from
Normal Group

P(state = abnormal)

A 23

L

\.

!}!

Age-based
Counterfactual

x + Aa(x)

P(abnormal}:0.22

Diagnosis-based
Counterfactual

X+ Ap(x)

P(abnormal):0.53

Combined

x+ A4 (X) -+ AD(X)

Plabnormal):0.7

Gender-based
Counterfactual

X + A(; (X)

P{abnormal):0.21

Diagnosis-based
Counterfactual

x + Ap(x)

P(abnormal):0.46

Combined

x + Ag(x) + Ap(x)|

P{abnormal):0.47




Explicabilidad a traves de informacion textual

- Usa informacion textual para explicar las predicciones

Behind the algorithm XAI. Korreman. ESTRO School

Large
Language

Model

iCuidado con los sesgos!

GTV primary tumor
prediction:

Primary drivers:

- Intense PET uptake within the right
upper lobe

- Irregular pleural-based soft-tissue
density on CT

- Vessel adjacency at medial border

- Spiculated edges

Exclusionary evidence:

- Preserved fissural planes

- Low-uptake contralateral lung regions

- The model reduced weight on necrotic
core areas with homogeneous density

Caveats:

Attribution near shoulder artifacts and
PET spillover were detected but
contributed minimally. These require
visual confirmation during contour QA.




Interpretabilidad si, pero...

- Importancia de la calidad y cantidad de datos (positivos y
negativos)

- Buena en reconocimiento de patrones, pero no entiende lo que
esta mirando: aprende por asociacion de caracteristicas.

- El contexto importa.

HOW TO CONFUSE
MAGHINE LEARNING




Errores |A vs humano

HUMANO 1A



El cerebro humano es extremadamente complejo
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- Traditional ML Trees  Linear/Logistic
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Interpretability >
Low High

Muchas de las preocupaciones realmente son sobre las interacciones humanas con las IA, en vez de la IA por si sola...






