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Abstract
Background Immune‑checkpoint inhibitors (ICIs) have showed unprecedent efficacy in the treatment of patients 
with advanced non‑small cell lung cancer (NSCLC). However, not all patients manifest clinical benefit due to the lack 
of reliable predictive biomarkers. We showed preliminary data on the predictive role of the combination of radiomics 
and plasma extracellular vesicle (EV) PD‑L1 to predict durable response to ICIs.

Main body Here, we validated this model in a prospective cohort of patients receiving ICIs plus chemotherapy and 
compared it with patients undergoing chemotherapy alone. This multiparametric model showed high sensitivity and 
specificity at identifying non‑responders to ICIs and outperformed tissue PD‑L1, being directly correlated with tumor 
change.

Short conclusion These findings indicate that the combination of radiomics and EV PD‑L1 dynamics is a minimally 
invasive and promising biomarker for the stratification of patients to receive ICIs.
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Background
Immune-checkpoint inhibitors (ICIs) have showed 
unprecedented response rates in patients with non-
small cell lung cancer (NSCLC), becoming the mainstay 
of treatment in patients without targetable mutations 
[1]. Nevertheless, the lack of biomarkers hinders the full 
benefit from this treatment. To date, only tissue PD-L1 
and tumor mutational burden have been approved for 
guiding treatment selection in patients with NSCLC, 
however, they have showed suboptimal predictive perfor-
mance without being able to explain the heterogeneity of 
outcomes [2, 3]. Indeed, tissue PD-L1, which is consid-
ered the standard-of-care biomarker for the prediction of 
tumor response to ICIs, has several limitations, includ-
ing high variability between detection assays and com-
plex spatial and temporal tumor heterogeneity, including 
changes observed after first-line treatments [4].

In this scenario characterized by the lack of biomark-
ers, our group has investigated novel predictive bio-
markers combining the minimally invasive analysis of 
radiomics imaging and liquid biopsy [5]. Radiomics is 
the quantitative analysis of computed tomography (CT) 
or positron-emission tomography images to extract 
microscale quantitative data which has showed prom-
ising results at predicting response to immunotherapy 
[6–8]. Liquid biopsy measures biomarkers in body flu-
ids, such as blood, allowing their longitudinal evaluation 
over the course of treatment. One of these biomarkers 
are extracellular vesicles (EVs), which are nanoparticles 
involved in cell signaling by the transference of cell cargo 
between different cells [9].

We showed that early dynamic expression of PD-L1 
in extracellular vesicles (EVs) during treatment was able 
to predict durable response to ICIs as well as outcomes 
in a training and a validation cohort of patients with 
metastatic NSCLC. Moreover, we were able to combine 
the EV PD-L1 data with a radiomics model based on 6 
radiomics features extracted from pre-treatment CT scan 
images in the training cohort of patients. This resulted in 
an improved specificity, sensitivity, and accuracy of the 
model to predict durable response [5]. Here, we aim to 
validate this multiparametric predictive model for treat-
ment response in the validation cohort of patients.

Main text
We performed the radiomics evaluation of pre-treat-
ment CT scan images from our previously published 
model [5] in a validation cohort including 30 patients 
with advanced NSCLC who received second-line treat-
ment with Pembrolizumab plus Docetaxel or Docetaxel 
alone from the phase 2 PROLUNG clinical trial [10]. Sev-
enteen patients were treated with Pembrolizumab plus 
Docetaxel while 13 patients were treated with Docetaxel 
alone and used as comparative control (Supp. Table S1). 

Radiomics analysis of a total of 400 features in target and 
non-target lesions was performed according to our estab-
lished methodology [5, 6]. Briefly, lesion segmentation 
was performed with the 3D Slicer 4.10.1 module includ-
ing additional volumes of interest (VOI) of the normal 
pectoralis major muscle for within-phase normalization. 
For feature extraction, ten intensity-level histogram fea-
tures and 195  Gy level co-occurrence matrix (GLCM) 
features were obtained. Then, we calculated 39 rotation-
invariant texture features for each VOI and five gray 
levels. Moreover, 195 volume-dependent second-order 
features were calculated by dividing each GLCM feature 
by the volume of the segmented lesions. A representa-
tion of the values of this model is depicted in color in an 
example of a non-responder and a responder in Fig. 1A. 
We applied our trained model of 6 specific radiomic 
features (Supplementary table S2) into these 2 sets of 
patients and combined it with our previously described 
dynamic (Δ) EV PD-L1 analysis to predict durable 
response to ICIs (evaluated at 21 ± 3 weeks ~ 6 months).

As a result, the validation of the ΔEV PD-L1 plus 
radiomics revealed a 76.7% area-under-the-curve (AUC) 
at predicting response to Pembrolizumab plus Docetaxel 
at 6 months, outperforming tissue PD-L1 (Fig. 1B). This 
validates our previous results from the training cohort of 
patients, where the combined EV PD-L1 and radiomics 
showed similar AUC of 81.3% [5]. Moreover, it showed 
low AUC in patients with Docetaxel, which demonstrates 
the specificity of this biomarker at predicting response 
to ICIs (Fig. 1B). These results concur with those from a 
similar study which applied longitudinal deep-radiomics 
and clinical data for the prediction of durable response 
with 82.4% AUC. However, their model only showed a 
58.8% AUC when considering baseline radiomics fea-
tures and clinical data [11]. Other approaches combined 
radiomics with tissue PD-L1 RNA expression, but in fact 
showed only an AUC of 68% at predicting short-term 
response to ICIs at 3 months [12]. These lower per-
formances could be related to the variety of treatment 
strategies included but also to the idea that dynamic and 
combined biomarkers tend to improve prediction over 
unique timepoint biomarkers [11, 13].

Additionally, we included the training cohort of 27 
patients to evaluate the performance of this combined 
predictive model in a more representative heteroge-
neous cohort of patients (Supp. Table S1). Thus, when 
all patients undergoing ICIs were analyzed (n = 44), ΔEV 
PD-L1 + radiomics levels were significantly associated 
with the type of response (p = 0.008) since those with 
high ΔEV PD-L1 + radiomics showed increasing tumor 
change (%) (p = 0.047) (Fig.  2A). To the contrary, tissue 
PD-L1 levels were not correlated (p = 0.303) and no asso-
ciation was observed between ΔEV PD-L1 + radiomics 
and response type or lesion size in the chemotherapy 
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Fig. 1 Predictive models for durable response: (A) Radiomic feature map sample of different expression of a radiomics feature (TL_F101: Range of Dif‑
ference Variance) in non‑responder and responder lesions from baseline computed tomography scans. (B) The predictive model of dynamics of ΔEV 
PD‑L1 + Radiomics showed a 76.7% area‑under‑the‑curve (AUC) to predict non‑responders between patients receiving Pembrolizumab + Docetaxel, 
revealing an improvement in 15% over the Radiomics model and ~ 14% over the tissue PD‑L1. To the contrary, only 56.3% AUC was found for ΔEV 
PD‑L1 + Radiomics in the Docetaxel group, which was pretty similar to the one associated with tissue PD‑L1 (binary logistic regression)
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Fig. 2 Durable tumor response to ICIs correlates with ΔEV PD‑L1 + Radiomics. (A) Patients experiencing progressive disease (PD) (orange) showed higher 
ΔEV PD‑L1 + radiomics values in comparison to those with stable disease (SD) and partial response (PR) (p = 0.008) (Kruskal–Wallis test) since those with 
high ΔEV PD‑L1 + radiomics (blue) showed larger increases in tumor change (p = 0.047) (Mann–Whitney U test). Tissue PD‑L1 tumor proportion score 
(TPS) was not associated with the tumor changes (p = 0.303) (n = 44). (B) Clustering heatmap of patient samples based on EV PD‑L1 and radiomics features 
between responders and non‑responders and according to treatment. (C) High ΔEV PD‑L1 + radiomics predicted non‑responders (p = 0.011) between 
patients receiving ICIs with or without chemotherapy while not in those receiving chemotherapy (p = 0.217). Tissue PD‑L1 ≥ 1 was not associated with 
durable response to ICIs or chemotherapy (p = 0.062 & p = 0.657, respectively) (Chi‑square tests)
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group. The representation of the clustered heat-map of 
radiomic features and ΔEV PD-L1 included in the pre-
dictive model for each patient can be observed in Fig. 2B. 
Variables were standardized using Z-score normaliza-
tion (subtracting the mean of each variable and dividing 
by its standard deviation). “Euclidean” distance was used 
for cluster distance and “complete” for method using the 
ClusterHeatmap (version 2.14.0) and Circlize (version 
0.4.15) libraries in R statistical software.

High ΔEV PD-L1 + radiomics identified non-respond-
ers (p = 0.011) showing 61.1% sensitivity and 76.9% 
specificity, while positive tissue PD-L1 (> 1%) was not 
associated to responders (p = 0.062). Indeed, responders 
showed lower expression levels of tissue PD-L1. In the 
group of patients receiving chemotherapy, none of these 
biomarkers were associated with the tumor response 
(Fig. 2C).

Conclusions
Altogether, these results suggest that our multiparametric 
model based on EV PD-L1 dynamics and pre-treatment 
radiomics is a promising predictive biomarker to stratify 
patients with NSCLC to receive ICIs and could overcome 
the limitations of tissue PD-L1 testing. Despite prelimi-
nary, this is the first study to show validated evidence of 
the potential of the combined role of these biomarkers 
with specific role in ICIs. Nevertheless, we acknowledge 
the limitations of this work including a small sample size 
and the need for further validation in larger cohorts of 
patients.

Abbreviations
AUC  Area‑under‑the‑curve
CT  Computed tomography
EV  Extracellular vesicle
GLCM  Gy level co‑occurrence matrix
ICIs  Immune‑checkpoint inhibitors
NSCLC  Non‑small cell lung cancer
VOI  Volumes of interest

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s13046‑024‑02997‑x.

Supplementary Material 1

Acknowledgements
We would like to acknowledge all patients who participated in the study and 
their families.

Author contributions
Conceptualization and project supervision, O.A, R.R.C. C.R.; data curation and 
patient recruitment, A.R, L.L‑M, O.A; methodology, D.d.M‑P., M.A., S.Z., N.A., V.P., 
M.G.; investigation, D.d.M‑P., M.A., P.M., A.R., A.F.C, A.N., F.R.H, O.A., R.R.C., C.R.; 
formal analysis, D.d.M‑P, P.M.; visualization: D.d.M‑P., M.A.; writing – original 
draft, D.d.M‑P., M.A., C.R., writing – review & editing: All authors reviewed, read, 
and approved the final version of the manuscript.

Funding
This research did not receive any specific grant from funding agencies in the 
public, commercial, or not‑for‑profit sectors.

Data availability
The datasets generated and/or analyzed during the current study are available 
from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
All patients provided written informed consent and included in the clinical 
trial NCT02574598. The study was approved by the ethics committee of 
the institutional review board of the National Cancer Institute, Mexico 
and performed in accordance with the Declaration of Helsinki and the 
International Council for Harmonization of Technical Requirements for 
Pharmaceuticals for Human Use Good Clinical Practice.

Consent for publication
No patient personal data is being published and all authors agreed to the 
content of the paper.

Competing interests
A. Russo reports advisory board role/consultancy from AstraZeneca, MSD, 
Novartis, Pfizer, BMS, Roche, and Amgen unrelated to the current work. 
A. F. Cardona discloses financial research support from Merck Sharp & 
Dohme, Boehringer Ingelheim, Roche, Bristol‑Myers Squibb, Foundation 
Medicine, Roche Diagnostics, Thermo Fisher, Broad Institute, BioNTech, 
Amgen, Flatiron Health, Teva Pharma, Rochem Biocare, Bayer, INQBox and 
The Foundation for Clinical and Applied Cancer Research – FICMAC. Advisor 
role to EISAI, Merck Serono, Jannsen Pharmaceutical, Merck Sharp & Dohme, 
Boehringer Ingelheim, Roche, Bristol‑Myers Squibb, Pfizer, Novartis, Celldex 
Therapeutics, Foundation Medicine, Eli Lilly, Guardant Health, Illumina, and 
Foundation for Clinical and Applied Cancer Research – FICMAC. A. Naing 
discloses research funding from NCI, EMD Serono, MedImmune, Healios Onc. 
Nutrition, Atterocor/Millendo, Amplimmune, ARMO BioSciences, Karyopharm 
Therapeutics, Incyte, Novartis, Regeneron, Merck, Bristol‑Myers Squibb, Pfizer, 
CytomX Therapeutics, Neon Therapeutics, Calithera Biosciences, TopAlliance 
Biosciences, Eli Lilly, Kymab, PsiOxus, Arcus Biosciences, NeoImmuneTech, 
ImmuneOncia, Surface Oncology, Monopteros Therapeutics, BioNTech SE, 
Seven & Eight Biopharma, and SOTIO Biotech AG. Advisory board activity for 
CytomX Therapeutics, Novartis, Genome & Company, OncoSec KEYNOTE‑695, 
Kymab, STCube Pharmaceuticals, and Deka Biosciences. He reports advisory 
board role for Takeda, CSL, Behring, Horizon, and Pharming. Travel and 
accommodation expense from ARMO BioSciences: Spouse and research 
funding from Immune Deficiency Foundation, Jeffery Modell Foundation and 
chao physician‑scientist, and Baxalta. F. R. Hirsch reports advisory boards 
consultancy for Bristol‑Myers Squibb, AstraZeneca/Daiichi, Sanofi/Regeneron, 
Novartis, Amgen, OncoCyte, Genentech, and Nectin Therapeutics. C. Rolfo 
has received speaker honoraria from AstraZeneca, Roche and MSD, advisory 
board honoraria from Inivata, Archer, Boston Pharmaceuticals, MD Serono 
and Novartis, Bayer, Invitae, Regeneron, Janssen, Bostongene, Novocure, 
Scientific Advisory Board member of Imagene, and institutional research 
funding from LCRF‑ Pfizer and NCRF, non‑renumerated research support 
from GuardantHealth and Foundation Medicine. He has non‑renumerated 
leadership roles at the International Society of Liquid Biopsy (ISLB), the 
International Association for Study of Lung Cancer (IASLC), the European 
School of Oncology (ESO), and Oncology Latin American Association (OLA). 
The rest of the authors declares no conflict of interests.

Received: 31 January 2024 / Accepted: 27 February 2024

References
1. Reck M, Remon J, Hellmann MD. First‑line immunotherapy for non‑small‑cell 

Lung Cancer. J Clin Oncol. 2022;40:586–97.
2. Hellmann MD, et al. Nivolumab plus Ipilimumab in Lung Cancer with a high 

Tumor Mutational Burden. N Engl J Med. 2018;378:2093–104.

https://doi.org/10.1186/s13046-024-02997-x
https://doi.org/10.1186/s13046-024-02997-x


Page 6 of 6de Miguel‑Perez et al. Journal of Experimental & Clinical Cancer Research           (2024) 43:81 

3. Saad MB, et al. Predicting benefit from immune checkpoint inhibitors in 
patients with non‑small‑cell lung cancer by CT‑based ensemble deep learn‑
ing: a retrospective study. Lancet Digit Heal. 2023;5:e404–20.

4. Doroshow DB, et al. PD‑L1 as a biomarker of response to immune‑check‑
point inhibitors. Nat Rev Clin Oncol. 2021;1–18. https://doi.org/10.1038/
s41571‑021‑00473‑5.

5. de Miguel‑Perez D, et al. Extracellular vesicle PD‑L1 dynamics predict durable 
response to immune‑checkpoint inhibitors and survival in patients with non‑
small cell lung cancer. J Exp Clin Cancer Res. 2022;41:186.

6. Colen RR, et al. Radiomics analysis for predicting pembrolizumab response in 
patients with advanced rare cancers. J Immunother Cancer. 2021;9:e001752.

7. Mu W, et al. Radiomics of 18F‑FDG PET/CT images predicts clinical benefit 
of advanced NSCLC patients to checkpoint blockade immunotherapy. Eur J 
Nucl Med Mol Imaging. 2020;47:1168–82.

8. Evangelista L, et al. PET radiomics and response to Immunotherapy in Lung 
Cancer: a systematic review of the literature. Cancers (Basel). 2023;15:3258.

9. Van Niel G, D’Angelo G, Raposo G. Shedding light on the cell biology of 
extracellular vesicles. Nat Rev Mol Cell Biol. 2018;19:213–28.

10. Arrieta O, et al. Efficacy and safety of Pembrolizumab Plus Docetaxel vs 
Docetaxel alone in patients with previously treated Advanced non–small cell 

Lung Cancer: the PROLUNG phase 2 Randomized Clinical Trial. JAMA Oncol. 
2020;6:1.

11. Farina B et al. Integration of longitudinal deep‑radiomics and clinical data 
improves the prediction of durable benefits to anti‑PD‑1/PD‑L1 immuno‑
therapy in advanced NSCLC patients. J Transl Med. 2023;21:174.

12. Chen M, et al. A Novel Radiogenomics Biomarker for Predicting Treat‑
ment response and pneumotoxicity from programmed cell death 
protein or Ligand‑1 inhibition immunotherapy in NSCLC. J Thorac Oncol. 
2023;18:718–30.

13. Bai R, Lv Z, Xu D, Cui J. Predictive biomarkers for cancer immunotherapy with 
immune checkpoint inhibitors. Biomark Res. 2020;8:34.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 

https://doi.org/10.1038/s41571-021-00473-5
https://doi.org/10.1038/s41571-021-00473-5

	﻿Validation of a multiomic model of plasma extracellular vesicle PD-L1 and radiomics for prediction of response to immunotherapy in NSCLC
	﻿Abstract
	﻿Background
	﻿Main text
	﻿Conclusions
	﻿References


