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AI paradigm change
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discovery for 
patient care



AI paradigm change

4

Image Health Care Analytics

Risk 
Identification

Comorbidities
assessment 

Therapy response 
prediction

Prognosis 
prediction



Introduction to radiomics

Promises and challenges for the implementation of computational medical imaging 

(radiomics) in Oncology. Limkin et al Annals of Oncology 2017



Phases of radiomics analysis
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Radiomics: Images Are More than Pictures, They Are Data, Gillies et al. Radiology 2016



Deep-Learning
• Most machine learning algorithms are shallow architectures, but 

our brain is a deep architecture -
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Deep-Learning
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─ Deep learning assumes it is possible to “learn” a hierarchy of descriptors
(features) with increasing abstraction, i.e., layers are trainable feature
transforms.

─ In image recognition: Pixel Edge Texton Motif        Part       Object.



Convolunional Neural Networks
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─ Convolutional nets were inspired by the visual system’s structure.

─ CNN are composed by three principal blocks: Convolutional layers / Pooling layers /Fully 
connected layers

emphysema

fibrosis

healthy

ILA 



Radiomics and deep learning in Cancer

• Tumor heterogeneity- tumor
environment may present 
many subclones with 
different biological substrate

• Can we quantify or 
characterize macroscopically 
that substrate?? 

10
Intratumor Heterogeneity and Branched Evolution Revealed by 
Multiregion Sequencing, Gerlinger et al. New England 2012



• Prognosis and phenotyping

– 440 radiomic features – Survival prediction signature with 4 features, total 
energy, shape compactness, LG and Wavelet gray level nonuniformity

– Model selection/ Training with one cohort 422 NSCLC
11

Patients

R
ad

io
m

ic
Fe

at
u

re
s

Aerts H. et al. Nature Communications 2014

Radiomics and deep learning in Cancer



• Prognosis and phenotyping

– Validation with 4 independent cohorts: 2 NSCLC, 2 HNC – total 1019 patients
– Gen-expresions to radiomics relationships found

12Aerts H. et al. Nature Communications 2014

Radiomics and deep learning in Cancer



• Benign vs Malignant

– Radiomics + Deep learning strategy

– Data from the Lung Image Database Consortium LIDC data: 1018 
patients, 4 radiologist reading, 157 with diagnostic confirmation 
from biopsy.

– Training: 80% of 1065 nodules

– Testing : 20% of 1065 nodules independent patients

– Model: Radiomics + Random Forest and two CNNs tested

– Comparison with a regression model of the cross sectional area. 

13
Highly accurate model for prediction of lung nodule malignancy with CT scans. Jason L. Causey at al. 
Scientific reports 2018

Radiomics in Lung Cancer Diagnosis 



• Classification of lung tumors / Benign vs Malignant

Classification accuracy of benign S1, or S12 vs malignant S45- 0.99 and 0.94 resp.

14
Highly accurate model for prediction of lung nodule malignancy with CT scans. Jason L. Causey at al. 
Scientific reports 2018

Radiomics in Lung Cancer Diagnosis 
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Radiomics in Lung Cancer Diagnosis 

Two Screening 
cohorts 

AUC 94.4 %



• Lung cancer risk and nodule classification 
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AUC lung cancer prediction at 1 year of 0.92 (95% CI, 0.88 to 0.95) on NLST, 

0.86 (95% CI, 0.82 to 0.90) on MGH, and 0.94 (95% CI, 0.91 to 1.00) on CGMH. 

Concordance indices over 6 years were 0.75 (95% CI, 0.72 to 0.78), 0.81 (95% 

CI, 0.77 to 0.85), and 0.80 (95% CI, 0.75 to 0.86) for NLST, MGH, and CGMH, 

respectively.

Cancer Enriched cohort - AUC 0.79 versus 0.60 PanCan 

model (P < .01) 

40% reduction false positives at 100% sensitivity. 

Radiomics in Lung Cancer Diagnosis 



Lung Cancer Screening: Longitudinal deep-learning architecture for 
nodule malignancy classification
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Farina, B., ... & Ledesma-Carbayo, M. J. Spatio-Temporal Deep Learning with Temporal Attention for 

Indeterminate Lung Nodule Classification. under review by Computers in Biology and Medicine



Farina, B., ... & Ledesma-Carbayo, M. J. Spatio-Temporal Deep Learning with Temporal Attention for 

Indeterminate Lung Nodule Classification. Comput. Biol. Med., 196(Pt C):110813. Sep. 2025.

NLST indeterminate nodules

Lung Cancer Screening: Longitudinal deep-learning architecture for 
nodule malignancy classification



Current methods to predict response imperfect

Clinical

Oncogenomics
EGFR, ALK
Tumor Mutational 
Burden

Pathology
PD-L1
Lymphocytes 
infiltration

DIAGNOSIS IMMUNOTHERAPY

Clinical
Smoking

OUTCOME
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8 -9 weeks

Stage IV NSCLC

Clinical
16-18 weeks

iRECIST  guidelines

Immunotherapy response prediction



• Predicting immune related variables

– Training - 135 patients (30 LC), genomic data CD8B gene

– 78 radiomic features, five location variables an on CT variable

– Separated analysis of the peripheral ring of the tumor

– CD8 T cell prediction using radiomics

– Validation, 3 cohorts

20
A radiomics approach to assess tumour-infiltrating CD8 cells and response to anti-PD-1 or anti-PD-L1 

immunotherapy: an imaging biomarker, retrospective multicohort study, Sun et al. Lancet Oncology, 2018

Immunotherapy response prediction



• Predicting immune related variables

21
A radiomics approach to assess tumour-infiltrating CD8 cells and response to anti-PD-1 or anti-PD-L1 

immunotherapy: an imaging biomarker, retrospective multicohort study, Sun et al. Lancet Oncology, 2018

Immunotherapy response prediction



• Predicting immune related variables

22
Sun et al. Lancet Oncology, 2018

Immunotherapy response prediction



Immunotherapy response prediction



• NSCLC

– 247 stage IV patients 

– anti-PDL1 immunotherapy

– 25% responders

– Multimodal baseline data: radiomics, genomics, and 
histopathology

– 256 patients independent validation cohort

– 0.80 AUC immunotherapy response. Integrated model 
improves on individual models, including the tumor mutational 
burden-based model (0.61 AUC), or radiomics only (0.65)

Vanguri et al. 2022 

Immunotherapy response prediction



Vanguri et al. 2022 

Vanguri et al. 2022 



Vanguri et al. 2022 



Clinical

Oncogenomics

Pathology
Clinical

DIAGNOSIS IMMUNOTHERAPY

Clinical

OUTCOMES
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• Prediction of response directly from CT images and their integration 
with clinical data and blood tests at the start of treatment.

8 -9 weeks 16-18 weeks

Farina et al. J Trans Med 2023

Spatio-temporal Immunotherapy response prediction



1. Characterization dataset for feature extraction.

2. Immunotherapy dataset for implementation of predictive models

28

Immunotherapy 
dataset

N patients/
N images

Removed 
patients *

Total

CUN 76 / 202 5 75 / 198

FJD 110 / 312 14 96 / 282

Total 186 / 514 15 171 / 480 **

Characterization 
dataset

N patients
N nodules/
N images

LIDC 689 1447 / 689

ISBI 30 52 / 30

FJD-CUN 14 29 / 14

Total 733 1528 /  733

OUTPUT N nodules

Benign 1024

Malignant 504

OUTPUT N patients

No responders 94

Responders 77

* Patients without progression with a LFU < 6 months

Spatio-temporal Immunotherapy response prediction



Farina et al 2023 J Transl Med

Spatio-temporal Immunotherapy response prediction



30Farina et al. J Trans Med 2023

Spatio-temporal Immunotherapy response prediction



31Farina et al. J Trans Med 2023

Spatio-temporal Immunotherapy response prediction



32Farina et al. 2023 J Transl 
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Spatio-tempora Immunotherapy response prediction



Spatio-temporal Immunotherapy response prediction



Conclusions and future perspectives

• Diagnosis, radiomic and Deep-radiomics models will be 
integrated in clinical routine

Radiomic models useful to assess malignancy and subtypes

Future

Efficiency improvement -> Integration in commercial systems 

Screening scheduling assisted by risk assessment

Radiomic based tumor subtyping  could enable plasma first strategies  



Conclusions and future perspectives

• Immunotherapy response prediction

Multimodal and spatio-temporal models useful in predicting response to immunotherapy 

stage IV NSCLC

Future
Assessment of complete response or partial response in earlier stages (stage III no 

resectable, stages IB-IIIA adyuvant or neoadyuvant regimes)

New therapies assessment and workflow integration

Effectiveness evaluation in clinical trials

AI to better understand the mechanisms of immunotherapy and its effectiveness
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Datos clínicos y 
laboratorio

Ramos Guerra et al. 2025 

. Datos clínicos y analítica longitudinal
212 pacientes FJD - entrenamiento
137 CUN y 75 H12O cohortes 
independientes
. Modelos bayesianos longitudinales vs 
basales y delta
. NLR vs modelo multivariado MV
. Modelos longitudinales mucho mejor 
capacidad de respuesta
. MV-JM más sensible y específico



Ramos Guerra et al. Cancer Immunology 

Immunotherpy 2025 

. Datos clínicos y analítica longitudinal
212 pacientes FJD - entrenamiento
137 CUN y 75 H12O cohortes 
independientes
. Modelos bayesianos longitudinales vs 
basales y delta
. NLR vs modelo multivariado MV
. Modelos longitudinales mucho mejor 
capacidad de respuesta
. MV-JM más sensible y específico

Datos clínicos y 
laboratorio
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Ligero M, et al (2024): Weakly Supervised Deep Learning Predicts Immunotherapy
Response in Solid Tumors Based on PD-L1 Expression

Predicción de respuesta a partir de 
inmuhohistoquimica y patología digital 

https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287
https://doi.org/10.1158/2767-9764.CRC-23-0287


AUC Mean and SD (5 fold CV)

Patch Encoder TPS <1% AUC TPS 1-49 % AUC TPS ≥50% AUC AUC macro

CTransPath ’21 0.918 ± 0.031 0.799 ± 0.034 0.948 ± 0.025 0.888 ± 0.015

RetCCL ’21 0.867 ± 0.033 0.747 ± 0.090 0.928 ± 0.025 0.847 ± 0.038

HIPT256 (TCGA) ’22 0.841 ± 0.059 0.722 ± 0.076 0.927 ± 0.023 0.830 ± 0.044

PLIP ’23 0.913 ± 0.036 0.813 ± 0.052 0.959 ± 0.014 0.895 ± 0.029

Phikonv2 ’24 0.934 ± 0.023 0.831 ± 0.037 0.964 ± 0.014 0.910 ± 0.017

Virchow2 ’24 0.936 ± 0.011 0.844 ± 0.069 0.977 ± 0.021 0.919 ± 0.029

Hoptimus1 ’25 0.921 ± 0.024 0.844 ± 0.016 0.978 ± 0.010 0.914 ± 0.009 

CONCHv1.5 ’25 0.911 ± 0.029 0.847 ± 0.051 0.979 ± 0.010 0.912 ± 0.028

UNI2-h ’25 0.935 ± 0.022 0.858 ± 0.045 0.963 ± 0.018 0.919 ± 0.022

Pretrained HIPT256 ’25 0.932 ± 0.024 0.826 ± 0.053 0.959 ± 0.032 0.905 ± 0.020

Data from 3 hospitals (1 external, 2 from INGENIO) 

382 WSIs

M. Ligero et al results

Path encoder: RetCCL

N test =108. TPS <1 vs. ≥1%

AUC = 0.8

Ramos Guerra et al. en proceso de publicación 


