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Introduction to radiomics

Advanced
Texture  computer vision

Radiomics
biomarkers

(Neural networks)
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Promises and challenges for the implementation of computational medical imaging
(radiomics) in Oncology. Limkin et al Annals of Oncology 2017
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Phases of radiomics analysis

l. Image patients Il. Identify ROI lIl. Render in 3D IV. Extract Features
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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

Deep learning assumes it is possible to “learn” a hierarchy of descriptors
(features) with increasing abstraction, i.e

transforms.

In image recognition: Pixel —Edge —Texton —Motif —. Part —_.Object.

, layers are trainable feature
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Convolunional Neural Networks

— Convolutional nets were inspired by the visual system’s structure.

— CNN are composed by three principal blocks: Convolutional layers / Pooling layers /Fully
connected layers
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Radiomics and deep learning in Cancer

A Biopsy Sites

* Tumor heterogeneity- tumor -
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Intratumor Heterogeneity and Branched Evolution Revealed by
Multiregion Sequencing, Gerlinger et al. New England 2012 10



Radiomics and deep learning in Cancer

* Prognosis and phenotyping
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Imr

- A

1T T

Radiomic Features

E—— .
U U0 (00 0B W A A AR
| VR 100 0 50 90 RS 1 16 1 A0
11001 T S A1 01 0
ORI 01T LTI AL T IEE AT R

Patients

— 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
Aerts H. et al. Nature Communications 2014 11



Radiomics and deep learning in Cancer

Prognosis and phenotyping
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— Validation with 4 independent cohorts: 2 NSCLC, 2 HNC — total 1019 patients

— Gen-expresions to radiomics relationships found
Aerts H. et al. Nature Communications 2014
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Radiomics in Lung Cancer Diagnosis

* Benign vs Malignhant
— 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.

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

Scientific reports 2018 13



Radiomics in Lung Cancer Diagnosis

* Classification of lung tumors / Benign vs Malignant
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Classification accuracy of benign S1, or S12 vs maligﬁant S45-0.99 and 0.94 resp.

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

Scientific reports 2018 14



Radiomics in Lung Cancer Diagnosis

nature medicine

Explore content v About the journal ¥  Publish with us v Subscribe

nature > nature medicine > letters > article

Letter Published: 20 May 2019

End-to-end lung cancer screening with three-
dimensional deep learning on low-dose chest
computed tomography

Diego Ardila, Atilla P. Kiraly, Sujeeth Bharadwaj, Bokyung_Choi, Joshua J. Reicher, Lily Peng, Daniel Tse &

Mozziyar Etemadi, Wenxing_Ye, Greg_Corrado, David P. Naidich & Shravya Shetty

Nature Medicine 25, 954-961 (2019) ‘ Cite this article
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Two Screening
cohorts

AUC 94.4 %
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Radiomics in Lung Cancer Diagnosis

* Lung cancer risk and nodule classification

journal of C||n|cc| Oncology

of Cliricof Oncology Journal

CURRENT

OPEN ACCESS | ORIGINAL REPORTS | @ (® @ @ | January 12, 2023 X in f % w ®

Sybil: A Validated Deep Learning Model to Predict Future

Lung Cancer Risk From a Single Low-Dose Chest Computed

Tomography

Authors: Peter G. Mikhael, BSc Jeremy Wohlwend, ME, Adam Yala. PhD Ludvia Karstens, MSc Justin X1ang, ME, Angelo

Patrick P. Bourgouin, MU SHOW ALL ind Reaina Barzilay, PhD  AUTHORS INFO & AFFILIATIONS

J Clin Oncol 41, 2191-2200(2023) ¢ Volume 41, Number 12 « DOIL: 10.1200/JC0.22.01345

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% Cl, 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%
Cl, 0.77 to 0.85), and 0.80 (95% ClI, 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.

Radiology

External Test of a Deep Learning Algorithm for Pulmonary
Nodule Malignancy Risk Stratification Using European
Screening Data

Noa Antonissen, MD' ¢ Kivan Viridlya Venkadesh, PhD" ¢ Renate Dinnessen, MS' * Ernst Th. Scholten, MD, PED' »
Zaigham Saghin, MD, PhD™ » Mario Silva, MD, PhDY » Uge Pastarino, MY » Grigory Sidovernkoy, PhIDP™ «
Marjolein A. Hewvelnans, MD, PhD™ » Geertruida H. de Bock, PhDY' » Firdaws A. A. Mohamed Hoesein, MD, PhDY =
Pin A. de Jong, MD, PhLY * Harry J. M. Groen, MD, PhD" * Rozemarijn Viiegenthart, MD, PhIY

Hester A. Gieterna, MD, PhID''" o Mathias Prokop, MD, P« Cornelia Schaefer-Prokop, MD, PHD"

Colin Jacobs, PhDY * for the NELSON-POP consortinm™

Author affillacions, funding, and conflices of Interest are liszed ar the end of this arucke

" NELSON-POP consortium member are lsted in Appendix S1
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Lung Cancer Screening: Longitudinal deep-learning architecture for

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

Total Train Test
Patients 443 333 110
Non-cancer 235 176 59
. . Cancer 208 157 51
NLST indeterminate nodules Nodules 703 528 175
Benign 486 365 121
Malignant 217 163 54
Table 2
Comparisons results of models evaluated on the independent test set. For each metric, the 95% confidence interval is shown in brackets. DeLong test was used to compare AUCs
Model Time instant N nodules test AUC ACC SENS SPEC PREC bACC p-value
[95% CI] [95% CI] [95% CI] [95% CI] [95% CI] [95% CI]
globAttCRNN (GRU) TO - T1 - T2 175 0.954 0.897 0.870 0.909 0.810 0.890 -
[0.922,0.983] [0.851,0.937] [0.774,0.959] [0.856,0.957] [0.707.0.905) [0.838,0.941] |
IODALICRNN (LSTM) TO - T1 - T2 175 0.924 0.869 0.870 0.868 0.746 0.869 0.0145
[0.873, [0.817, [0.783, [0.805, [0.641, [0.816,
0.971) 0.914] 0.959] 0.924] 0.844) 0.922)
CNN-DLSTM TO - T1 - T2 175 0.927 0.829 0.889 0.802 0.667 0.845 0.0296
[0.878, [0.771, [0.800, [0.730, [0.561, [0.790,
0.969] 0.886] 0.966] 0.870] 0.771] 0.900]
Volume-doubling time LR Tlast-Tprevioustolast 175 0.849 0.823 0.444 0.992 0.960 0.718 0.0042
[0.772, [0.766, [0.316, [0.974, [0.870, [0.653,
0.916] 0.880] 0.582] 1.000] 0.000] 0.789]
Largest In-plane Diameter LR Tlast 175 0.918 0.714 0.130 0.975 0.700 0.552 0.0496
[0.874, [0.646, [0.049, [0.946, [0.385, [0.510,
0.958] 0.777] 0.220] 1.000] 1.000] 0.599]
CNN Tlast 175 0.916 0.846 0.796 0.868 0.729 0.832 0.0064
[0.861,0.964] [0.789,0.897] [0.685,0.9] [0.805,0.924] [0.614,0.837) [0.768,0.893]

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.



Immunotherapy response prediction

Current methods to predict response imperfect

Stage IV NSCLC

DIAGNOSIS
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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

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 20



Immunotherapy response prediction

* Predicting immune related variables

Data input

Response vector

Training set

MOSCATO (n=135)

Validation sets

l

CT scans (DICOMs) RNA-seq
(n=135)

v

The Cancer Genome Atlas Immune phenotype cohort Immunotherapy-treated
(n=119) (n=100) dataset From phase 1 trials of
anti-PD-1/PD-L1 monotherapy
l l (137
CT scans (DICOMs) RNA-seq CT scans (DICOMs) (n=100) CT scans (DICOMs) (n=137)
(n=119) Clinical data (n=100) Clinical data (overall survival,

Pathology slides (n=77)

objective response) (n=137)

Estimation of CDE cell
infiltrate by CDE gene
expression signature

v v

v

v

Estimation of CDE cell Association with tumour
infiltration by CD8 gene immune phenotype
expression signature
(primary endpoint)

Predictive and prognostic
responses to immunotherapy

{ 1

Radiomic signature of CD8 cells

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

21



Immunotherapy response prediction

[ ] [ ] [ ] [ )
* Predicting immune related variables
A
MOSCATO training set TCGA validation set Assumed tumour immune phenotype
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Immunotherapy response prediction

Article | Open access | Published: 29 Auqust 2022

Multimodal integration of radiology, pathology and
genomics for prediction of response to PD-(L)1
blockade in patients with non-small cell lung cancer

Rami S. Vanguri, Jia Luo, Andrew T. Aukerman, Jacklynn V. Egger, Christopher J. Fong, Natally Horvat,

Andrew Pagano, Jose de Arimateia Batista Araujo-Filho, Luke Geneslaw, Hira Rizvi, Ramon Sosa, Kevin M.

Boehm, Soo-Ryum Yang, Francis M. Bodd, Katia Ventura, Travis J. Hollmann, Michelle S. Ginsberg, Jianjiong

Gao, MSK MIND Consortium, Matthew D. Hellmann, Jennifer L. SaluterEI & Sohrab P. Shah &

Nature Cancer 3, 1151-1164 (2022) ‘ Cite this article




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
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Spatio-temporal Immunotherapy response prediction

DIAGNOSIS IMMUNOTHERAPY

= | A
E] =

nical

=3 Clinical Clinical
8 -9 weeks 16-18 weeks

Oncogenomics

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

Farina et al. J Trans Med 2023 2/



Spatio-temporal Immunotherapy response prediction

1. Characterization dataset for feature extraction.
2. Immunotherapy dataset for implementation of predictive models

Characterization _ N nodules/ Immunotherapy N patients/ Removed Total
N patients : dataset N images atients * ota
dataset N images g P
LIDC 689 1447 / 689 CUN 76 /202 5 75 /198
ISBI 30 52 /30 FID 110/ 312 14 96 /282
FID-CUN 14 29 /14
Total 733 1528 / 733 Total 186 /514 15 171 / 480 **

* Patients without progression with a LFU < 6 months

OUTPUT N nodules OUTPUT N patients
Benign 1024 No responders 94
Malignant 504 Responders 77

28



Spatio-temporal Immunotherapy response prediction

Retrospective data of advanced NSCLC patients treated with
Immunotherapy
N =291
Excluded participants
a) No available baseline thorax CT
b) Poor quality CT
¢) No identifiable primary nedule
‘ d) Lung resection
Clinical models Image models
Eligible participants Eligible participants
N =291 N =186

Excluded participants
a) Short follow-up for responder a)
patients (less than & months)

Excluded participants
Short follow-up for responder
patients (less than 6 months)

v v

Final participants Final participants

N =264 N=171
N 1 R A B 1
v v L ‘
Longitudinal Models Baseline Models Baseline Models Longitudinal Models
N =200 N =264 N=171 N=149
v .
) v v v v ' v 'Y ' B
Train set Test set Train set Test set Train set Test set Train set Test set
N =167 N=33 N=221 N=43 N=128 N=43 N=109 N =40

Farina et al 2023 J Transl| Med



Spatio-temporal Immunotherapy response prediction
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Figure 2. Comparisons of the ROC curves for endpoint PFS6 prediction of response of the baseline (a), delta (b), and
longitudinal RF models (c) based on clinical, radiomics, or deep-radiomics data.

Farina et al. J Trans Med 2023 30



Spatio-temporal Immunotherapy response prediction

Endpoint: PFS > 6 months
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Figure 4. Comparisons of ROC curves of longitudinal and ensemble RF models with clinical and radiomics data. (a) ROC
curves for PES6: PES > 6 months. (b) ROC curve for PES9: PES > 9 months.
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Fig. 7 Clinical model interpretation using SHAP. The summary plots show each clinical data impact on longitudinal RF model for endpoint PFS6 (a)

and endpoint PFS9 (b). A positive SHAP value indicates an increased risk of progression. Each point in the summary plot represents a patient



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 Ill no
resectable, stages IB-IlIIA adyuvant or neoadyuvant regimes)

New therapies assessment and workflow integration
Effectiveness evaluation in clinical trials

Al to better understand the mechanisms of immunotherapy and its effectiveness
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Prediccion de respuesta a partir de
inmuhohistoquimica y patologia digital

: Weakly Supervised Deep Learning Predicts Immunotherapy
Response in Solid Tumors Based on PD-L1 Expression
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M. Ligero et al results
Path encoder: RetCCL
N test =108. TPS <1 vs. =21%
AUC =0.8

AUC Mean and SD (5 fold CV)

Patch Encoder TPS <1% AUC TPS 1-49 % AUC TPS 250% 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
HIPT,;, (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 HIPT,;;°25 | 0.932 + 0.024 0.826 + 0.053 0.959 + 0.032 0.905 + 0.020

Ramos Guerra et al. en proceso de publicacion




