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CT-based radiomics as a non-invasive virtual
biopsy for high PD-L1 expression prediction
in non-small cell lung cancer
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Abstract

Purpose Non-small cell lung cancer (NSCLC) remains a major clinical challenge, with Programmed death-ligand 1
(PD-L1) expression serving as a crucial biomarker to guide immunotherapy. However, its current assessment through
invasive biopsies may not capture tumor heterogeneity. This study explores the feasibility of a CT-based radiomics
approach, combined with machine learning (ML), as a potential non-invasive virtual biopsy to predict high PD-L1
expression (>50%) in NSCLC patients.

Methods Contrast-enhanced CT scans from 55 patients with histologically confirmed NSCLC were retrospectively
analyzed. Radiomic features were extracted from tumor volumes, and multiple ML classifiers were trained and
evaluated through repeated stratified k-fold cross-validation.

Results Among the models evaluated, the Support Vector Machine (SVM) classifier demonstrated the best
performance, achieving a median accuracy of 0.77 (quartiles: 0.66-0.82) and an area under the curve (AUC) of 0.83
(0.63-0.92). Feature importance analysis using SHAP (Shapley Additive Explanations) revealed that texture features
were the most informative in predicting PD-L1 expression levels. Notably, the integration of clinical data did not
improve model performance, highlighting the dominant predictive value of radiomic features alone.

Conclusion Our findings support the feasibility of CT-based radiomics as a potential tool for virtual biopsy to identify
NSCLC patients with high PD-L1 expression (>50%), potentially serving as a complementary or alternative tool to
tissue biopsy, especially in cases where biopsy is contraindicated or insufficient.
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Introduction

Non-small cell lung cancer (NSCLC) represents approxi-
mately 85% of all newly diagnosed cases of lung cancer
[1]. This tumor is characterized by considerable hetero-
geneity [2], encompassing multiple histological subtypes
that differ in their molecular profiles and clinical behav-
iors [3]. Despite notable advances in diagnostic imag-
ing and therapeutic strategies, the overall prognosis for
NSCLC patients remains poor, particularly when the dis-
ease is diagnosed in an advanced stage [4].

Programmed death-ligand 1 (PD-L1) has emerged as
a critical biomarker in NSCLC [5-7], playing a crucial
role in guiding treatment decisions involving immune
checkpoint inhibitors. However, conventional biopsy-
based techniques used to obtain such information are
inherently invasive and often fail to capture the spatial
and molecular heterogeneity of the tumor. This limitation
underscores the need for non-invasive, comprehensive
methods capable of assessing PD-L1 expression across
the entire tumor volume.

Radiomics analysis [8, 9] extracts quantitative features
from medical images and can offer a non-invasive alter-
native to predict PD-L1 expression, potentially over-
coming the limitations of biopsies. Furthermore, this
approach enables capturing tumor heterogeneity and
spatial variations that might be missed by localized sam-
pling, providing a more comprehensive assessment of the
tumor microenvironment. In oncology, Artificial Intelli-
gence (AI) [10], and particularly machine learning (ML)
[11] algorithms, can process radiomic features extracted
from regions of interest defined in the image (in this case
the tumor) to identify complex patterns associated with
specific biological signatures [12—-14]. Once trained on
large annotated image datasets, these models can effec-
tively stratify patients, predict therapeutic response, and
support personalized treatment planning.

Recent studies have demonstrated the feasibility and
promise of ML-based radiomics in the prediction of
molecular and immunological biomarkers, including
PD-L1 expression.

In particular [15-17], have examined the use of FDG-
PET/CT imaging (fluorodeoxyglucose positron emission
tomography alongside computed tomography) to predict
PD-L1 expression in NSCLC patients. Although these
approaches are promising, their reliance on dual imaging
modalities may limit clinical applicability. Other recent
works [18-22], more in line with the present study, have
explored CT image-only methods as a potentially more
accessible alternative. However, all these studies do not
clearly specify the ML algorithms employed, making it
difficult to assess or replicate their findings.

In contrast, the proposed study systematically evalu-
ates different classification algorithms, explores different
strategies for feature selection, and incorporates diverse
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performance metrics to provide a more robust and com-
prehensive overview of the use of ML-based radiomics
to predict PD-L1 expression >50% in NSCLC patients,
using only CT imaging. The final aim is to improve
immunotherapy stratification through a non-invasive
and reproducible method to offer a viable alternative to
biopsy-based PD-L1 evaluation, contributing to more
effective and personalized patient management.

Materials and methods

Study population

CT images and clinical data were retrospectively col-
lected from patients referred to the Oncology Unit of
Magna Graecia University in Catanzaro, Italy, who had
been diagnosed with NSCLC as of 2018. From an initial
cohort of 182 lung tumor cases, patients diagnosed with
a non-NSCLC tumor or staged exclusively on the basis of
PET were excluded.

Inclusion criteria were: confirmed diagnosis of NSCLC
(regardless of histologic subtype), availability of pre-
treatment chest CT with contrast agent, and biomarker
immunohistochemistry assessed PD-L1 status.

CTs were performed using multidetector scanners
from different manufacturers. Acquisition parameters
included a tube voltage of 100—-120 kVp and automatic
tube current modulation (reference mAs adapted to
patient body habitus). Images were reconstructed using
both soft-tissue and high-spatial-resolution kernels for
mediastinal and lung parenchymal assessment. The field
of view was tailored to the patient’s size to include the
entire thorax. Slice thickness ranged from 0.7 to 5.0mm
(median=0.8mm) with overlapping reconstructions.
Pitch values ranged between 0.9 and 1.2.

Figure 1 reports the flowchart that led to selecting
55 patients. The final cohort was stratified according to
PD-L1 expression levels: 26 patients had PD-L1 expres-
sion >50%, while 29 patients had PD-L1 expression <
50%.

PD-L1 expression data was obtained from tissue biopsy
or surgical samples, with a 50% threshold used to clas-
sify patients as PD-L1 positive. All data were anonymized
and handled according to ethical guidelines. In addition
to imaging information, the main clinical characteris-
tics of the patients were collected. Those features are
summarized in Table 1. Approval for this observational
study was granted by the Ethics Committee of the Cal-
abria Region — Central Area Section (protocol no. 79,
dated March 16, 2023). All study steps were performed in
accordance with the Declaration of Helsinki.

Image pre-processing

The CT volumes used in this work were collected with
different scanners. Considering this, voxel resampling
(I x1*1mm) [23] was applied to standardize the spatial



Destito et al. Cancer Imaging (2026) 26:127

chlusion criteria:

)
v

% Non-NSCLC tumors (e.g.,
lung metastases)

Page 3 of 11

N

<+ Chest CT without mdc.
< Post-treatment CT with
contrast
Q Staged by PET scan only. )

Fig. 1 Patient selection flowchart summarizing the screening process, inclusion and exclusion criteria, and final cohort composition used for radiomics

analysis of PD-L1 expression in NSCLC patients

resolution of the images, ensuring a more homogeneous
analysis.

Segmentation volume of interest and feature extraction

Tumor segmentation was performed by an expert radi-
ologist (C.B.) manually delineating tumor regions in the
CT images using the 3D Slicer software tool [24]. This
segmentation enabled the extraction of precise radiomic
features from the tumor regions, which were then used
in the subsequent analysis. To assess inter-rater variabil-
ity, a random subset of 10 patients was also contoured by
two independent radiologists (A.P. and M.E). A compre-
hensive set of 120 radiomic features was extracted from
the segmented tumor. Features were extracted from each
patient using PyRadiomics [25], an open-source Python
library [26] for extracting high-resolution features from
medical images. These features were categorized as fol-
lows: First-order statistics, which describe the distribu-
tion of voxel intensities (e.g., mean, standard deviation,
skewness); Shape-based features, which quantify the
three-dimensional geometry of the tumor (e.g., volume,
surface area, sphericity); Gray Level Co-occurrence
Matrix (GLCM) features, capturing spatial relationships
and texture patterns between neighboring voxels (e.g.,
contrast, correlation, Imcl); Gray Level Run Length

Matrix (GLRLM) features, measuring the length of con-
secutive voxels with the same intensity; Gray Level Size
Zone Matrix (GLSZM) features, assessing the size of
homogeneous zones within the lesion; Gray Level Depen-
dence Matrix (GLDM) features, evaluating the degree
of dependence between gray levels in a given neighbor-
hood (e.g., Dependence Entropy). This diverse feature set
provided a detailed and non-invasive characterization of
tumor heterogeneity, supporting the development of ML
models for PD-L1 expression prediction.

Feature selection and machine learning model training

As a preliminary step, the correlated features (thresh-
old=0.7) were identified and removed to reduce
redundancy and mitigate multicollinearity, which can
negatively affect model interpretability and performance.
This was followed by data normalization using the Stan-
dard Scaler method from scikit-learn [27], which stan-
dardized each feature by removing the mean and scaling
to unit variance. This pre-processing step was essential to
ensure that all features contributed equally to the model
training process. Subsequently, a combination of feature
selection methods was employed to identify the most
predictive radiomic features within each training fold
using three approaches: (i) Recursive Feature Elimination
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Table 1 Clinical characteristics of the eligible patient cohort.
Values are reported as counts unless otherwise specified. SD:
standard deviation
Clinical feature

Eligible patients (n=55)

Sex

Male 43

Female 12
Median age, years (SD) 70 (9.74)
Average tumor volume, mm? (SD) 115.8(167.7)
Tumor location

Leftlung 18

Right lung 37
Histological type
Squamous cell carcinoma 13
Adenocarcinoma 42
Smoking history

Smoker 48

Never smoked 7
Stage

| 0

Il 3

Il 6

% 46
Treatment

Immunotherapy only 14

Chemotherapy +immunotherapy 24

Chemotherapy only 12

Target therapy 5
Pleural invasion

Present 18

Absent 37
PD-L1 expression

>50% 26

<50% 29

(RFE) [28] with a logistic regression base estimator
(solver=liblinear); (ii) SelectFromModel with L2-regu-
larized logistic regression (penalty="12’); and (iii) Select-
FromModel with Random Forest (n_estimators=100).
Based on a heuristic analysis, the optimal number of
features for each method was set to 18. The final feature
set for the subsequent classification step was determined
by retaining only those variables selected by at least two
out of the three strategies. This ensemble-like approach
aimed to improve feature robustness and reduce model
variance by focusing on features with stable selection
across multiple algorithms. The complete list of selected
features and their selection frequency across folds is
reported in the supplementary material.

Various ML models [29] were trained on the selected
features to predict PD-L1 expression levels. The follow-
ing six ML classifiers were tested in this study: Extra
Trees Classifier (ETC), Support Vector Machine (SVM),
Logistic Regression (LR), Random Forest (RF), K-Nearest
Neighbors (KNN), and XGB (XGBoost). All classifiers
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were trained using fixed hyperparameters. Extensive
hyperparameter optimization was intentionally avoided
to reduce the risk of overfitting, given the limited cohort
size. Indeed, conducting the same experiments with
hyperparameter tuning led to a decrease in performance,
confirming the robustness of the initial configuration.
This design prioritizes stability and reproducibility over
aggressive tuning and reflects the exploratory nature of
the study.

To ensure robustness, reduce overfitting, and obtain
a reliable estimate of generalization performance,
the entire modeling pipeline was implemented using
repeated stratified k-fold cross-validation (5 folds, 2 rep-
etitions) [30]. In each fold, 80% of the data were used
for training and 20% for validation. The stratified design
ensures that class distribution is preserved across folds,
generating balanced training and validation subsets and
reducing sampling bias. Both feature normalization and
selection steps were performed independently within the
training portion of each cross-validation fold.

All analyses were conducted in Python 3.12.12 using
PyRadiomics version 3.0.1, scikit-learn version 1.6.1, and
SHAP version 0.50.0.

Model evaluation

The performance of each model was evaluated using the
following metrics [31]: Accuracy, F1-Score, Precision,
Recall, AUC (Area Under the Curve). To interpret the
models and understand which radiomics features were
most influential in predicting PD-L1 expression, a fea-
ture importance analyses using SHAP (Shapley Additive
Explanations) [32] was conducted. This method provides
a way to interpret ML models by evaluating the contribu-
tion of each feature to the model’s output. SHAP values
were used to quantify the impact of each radiomics fea-
ture on the prediction of PD-L1 expression.

Statistical differences between classifiers were assessed
using the Wilcoxon signed-rank test [33] across mul-
tiple cross-validation folds. The workflow of the study is
shown in Fig. 2.

Contribution of clinical features

The included clinical variables were chosen as they are
commonly used in clinical practice to provide a compre-
hensive description of the patient’s clinical history.

To assess the importance of the clinical features
described in Table 1, the same ML models were trained
using: (i) clinical features alone and (ii) the combination
of clinical and radiomic features. The clinical variables
considered as model inputs were sex, age, tumor loca-
tion, histological type, and smoking history. Stage and
pleural invasion were excluded from the training process.
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Fig. 2 Workflow of the proposed radiomics pipeline. The diagram illustrates CT image acquisition, manual tumor segmentation, radiomic feature extrac-
tion, feature selection embedded within cross-validation, machine learning model training, performance evaluation, and SHAP-based interpretability
analysis

Table 2 Classification performance across repeated 5-fold cross-validation. Values are reported as median (interquartile range).
M=machine learning model; F =feature set (R: radiomic; R+C: radiomic +clinical; C: clinical)

M F Classification Metrics
Accuracy F1-score Precision Recall AUC
ETC R 0.50 (0.45-0.64) 0.50 (0.41-0.60) 0.50 (0.43-0.60) 0.60 (0.35-0.60) 0.53 (0.40-0.63)
R+C 0.50 (0.45-0.61) 0.50 (0.40-0.53) 0.46 (0.40-0.60) 0.40 (0.40-0.57) 044 (0.32-0.64)
@ 0.50 (0.39-0.54) 0.53(0.31-0.54) 0.46 (0.34-0.50) 0.60 (0.28-0.60) 0.49 (0.32-0.55)
LR R 0.68 (0.57-0.73) 0.70 (0.63-0.73) 0.67 (0.59-0.67) 0.80 (0.70-0.80) 0.75(0.53-0.77)
R+C 0.64 (0.48-0.64) 0.57 (0.50-0.70) 0.56 (0.45-0.68) 0.60 (0.60-0.80) 0.67 (0.53-0.73)
@ 0.54 (0.48-0.54) 0.54 (0.51-0.62) 0.50 (0.45-0.55) 0.60 (0.52-0.75) 0.58 (0.45-0.64)
SVM R 0.77 (0.66-0.82) 0.76 (0.68-0.82) 0.71 (0.67-0.80) 0.80 (0.67-0.80) 0.83(0.63-0.92)
R+C 0.54 (0.45-0.64) 0.61 (0.43-0.65) 0.50 (0.43-0.59) 0.60 (0.43-0.80) 0.62 (0.57-0.75)
C 045 (0.45-0.61) 0.48(0.35-0.62) 0.58 (0.41-0.59) 0.50 (0.35-0.80) 0.62 (0.40-0.72)
RF R 0.64 (0.54-0.73) 0.59 (0.46-0.65) 0.63 (0.53-0.79) 0.60 (0.40-0.60) 0.65 (0.58-0.72)
R+C 045 (0.39-0.61) 0.45 (0.29-0.57) 041 (0.34-0.69) 0.45 (0.25-0.60) 0.48 (0.33-0.65)
C 045 (0.39-0.54) 049 (041-0.53) 0.46 (0.38-0.50) 0.55 (0.40-0.60) 0.50 (0.35-0.61)
KNN R 0.59 (0.48-0.64) 044 (041-0.58) 0.53 (0.50-0.65) 0.40 (0.35-0.60) 0.60 (0.47-0.76)
R+C 0.50 (0.45-0.54) 047 (0.41-0.52) 0.50 (0.41-0.55) 040 (0.35-0.75) 0.53 (0.42-0.61)
C 0.50 (0.45-0.54) 0.49 (0.24-0.56) 042 (0.21-0.50) 0.55 (0.25-0.60) 0.56 (0.44-0.63)
XGB R 0.64 (0.56-0.73) 0.61(0.58-0.71) 0.63(0.53-0.73) 0.63 (0.60-0.80) 0.66 (0.63-0.79)
R+C 0.68 (0.54-0.73) 0.64 (0.58-0.71) 0.63 (0.52-0.75) 0.63 (0.60-0.80) 0.65 (0.46-0.79)
C 045 (0.37-0.54) 0.46 (0.41-0.50) 0.43 (0.38-0.50) 0.45 (0.40-0.60) 041 (0.30-0.55)
Results Among all models, SVM achieved the best overall per-

PD-L1 expression classification performance

The Table 2 summarizes the performance (in terms of
median and quartiles) of the six ML models (ETC, LR,
SVM, RE, KNN, XGB),evaluated using five test folds with
two repetitions of cross validation across three different
feature sets: radiomics features, radiomics and clinical
features, and only clinical features.

formance using the identified radiomic feature set, con-
sidering medians and quartiles equal to: 0.77 (0.66—0.82)
for accuracy, 0.76 (0.68-0.82) for F1l-score, 0.71 (0.67—
0.80) regarding precision, 0.80 (0.67—-0.80) for recall, and
0.83 (0.63-0.92) for AUC.

The LR model trained only on radiomic features pro-
vided good results as well, reporting a median/quartiles
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F1-score of 0.70 (0.63—0.73) and a recall of 0.80 (0.70—
0.80). Similarly, XGB trained on radiomic features yielded
competitive results, with an AUC of 0.66 (0.63—0.79) and
precision of 0.63 (0.53-0.73).

Pairwise Wilcoxon signed-rank tests showed signifi-
cant differences between SVM and ETC (p=0.0098) and
between SVM and KNN (p=0.0371). Other compari-
sons were not statistically significant (RF: p=0.0625; LR:
p=0.2324; XGB: p=0.1680).

Integrating clinical features led to a drop in perfor-
mance across models.

Overall, models trained solely on clinical features gen-
erally exhibited the lowest performance, with median
accuracies rarely exceeding 0.54, regardless of the
classifier.

Figure 3 illustrates the ROC curves for the best-per-
forming model across the three feature sets: radiomic
features, radiomic with clinical features, and clinical
features only. The model trained on radiomic features
demonstrated superior discriminative ability, with an
AUC of 0.83 (0.63-0.92), clearly outperforming the other
configurations.

The combination of radiomic and clinical features
resulted in a moderate AUC of 0.67 (0.53-0.73), while the
model trained solely on clinical features achieved a lower
AUC of 0.62 (0.40-0.72). These results confirm that
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radiomic features contribute significantly to the model’s
predictive performance, and that the addition of clini-
cal features does not necessarily enhance classification
capability.

SHAP analysis

SHAP analysis was performed to assess the importance
of features in predicting PD-L1 expression in NSCLC
patients. The analysis was carried out on models trained
in multiple folds, first using only radiomic features and
then including clinical features. For each independent
training run, the selection frequency of each feature was
computed. Subsequently, a selection frequency analysis
was performed; based on this distribution, the 15 most
frequently selected features were identified and retained
for the subsequent SHAP analysis.

In the model with only radiomic features (Fig. 4) the
most relevant features identified were: Textural features
like GLCM Imcl, GLDM DependenceEntropy, and
GLSZM SmallAreaEmphasis, which showed the high-
est impact on the prediction. Specifically, GLCM Imcl
(Informational Measure of Correlation 1) quantifies the
degree of linear dependence between the intensities of
neighboring pixels, reflecting the local correlation of gray
levels; GLDM Dependence Entropy captures the com-
plexity and randomness in the spatial arrangement of

Classification

1.0

0.8

0.6

0.4

True Positive Rate

0.2

0.0
0.0 0.2 0.4

--= Chance

== Radiomics features (AUC = 0.83 (0.63-0.92))

== Radiomics + clinical features (AUC = 0.67 (0.53-0.73))
=== (Clinical features (AUC = 0.62 (0.40- 0.72))

0.6 0.8 1.0

False Positive Rate

Fig. 3 Receiver operating characteristic (ROC) curves obtained from cross-validation validation folds for the best-performing classifier across the three
feature configurations on test set: radiomics only, radiomics combined with clinical features, and clinical features only. The figure highlights the superior

discriminative ability of the radiomics-based model
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Fig.4 SHAP summary plot illustrating the relative contribution of radiomic features to PD-L1 prediction. Each point represents an individual patient, and
features are ranked according to their mean absolute SHAP value, indicating their overall importance in the model
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Fig.5 SHAP summary plot for the combined radiomic and clinical model. Radiomic features remain the dominant predictors, while age and histological

subtype emerge as the most relevant clinical contributors

voxels with similar gray levels, and GLSZM Small Area
Emphasis highlights the presence of fine textures by mea-
suring the prevalence of small, homogeneous regions.
Morphological features such as shape Sphericity, shape
Elongation, and shape SurfaceVolumeRatio were also
among the top contributors, and First-order statistics like
firstorder 90Percentile played a significant role as well.

In the model with radiomic plus clinical features
(Fig. 5) the clinical features were added to the model,
radiomics remained dominant in terms of predic-
tive power. However, two clinical variables emerged
among the top features: Age and Histological type were
selected in the top 10 most impactful features. Despite
their inclusion, textural radiomic features such as gldm
DependenceEntropy, glem Imcl, glszm LowGrayLevel-
ZoneEmphasis, and shape Sphericity continued to show
the highest SHAP importance values. This analysis con-
firms that radiomic features are more informative than
clinical variables.

Discussion
This work investigates the potential of radiomic features
as a predictive tool for PD-L1 expression in NSCLC
patients. PD-L1 is an important biomarker used for pre-
dicting the efficacy of immunotherapies [34] and, as a
consequence, accurately capturing its presence can sig-
nificantly impact treatment strategies and outcomes [7,
35-38]. In line with recent advances in medical imag-
ing and ML [39], our study suggests that radiomic fea-
tures extracted from CT images offer promising results
for prediction of PD-L1 expression, providing a potential
alternative to more invasive biopsies and offering clini-
cians a noninvasive tool to support treatment decisions
in cases where tissue sampling is limited or risky.
Pairwise Wilcoxon signed-rank tests revealed that
the SVM significantly outperformed both the ETC
(p=0.0098) and KNN (p=0.0371), whereas differences
with other classifiers did not reach statistical significance.
Given the limited dataset size and the superior metrics
achieved by the SVM—with accuracy and AUC scores
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of 0.77 (0.66-0.82) and 0.83 (0.63—-0.92), respectively—it
emerges as the most robust and competitive choice for
this task.

The inclusion of clinical features resulted in diminished
performance; furthermore, classifiers trained on clinical
variables alone failed to achieve acceptable results. This
may be attributed to the insufficient predictive power
of these variables for this specific task. When combined
with the limited dataset size, their inclusion increases
model complexity, leading to overfitting and, conse-
quently, degraded classification outcomes.

It should be noted that two clinical variables listed in
Table 1—stage and pleural invasion—were excluded
from the analysis: pleural invasion was omitted because
it is confirmed by biopsy; stage was not included because
most patients in the cohort were diagnosed with stage
IV disease, providing little discriminative power for the
models.

An important strength of this work is the feature selec-
tion process, which played a key role in improving the
robustness and generalizability of the model [40, 41]. The
same approach was used in [13] to investigate the over-
all survival of primary central nervous system lymphoma
patients, combining multiple selection methods to iden-
tify the most relevant features while reducing redun-
dancy and noise. By keeping only features selected by at
least two methods, the process helped ensure that the
final model was stable, robust, and interpretable. Care-
ful feature selection was particularly important given the
limited sample size and contributed significantly to the
excellent performance of the best classifiers.

In addition, a small number of patients had CT images
with relatively low spatial resolution. Specifically, three
patients had a slice thickness of 5.0mm and one patient
had a slice thickness of 2.5 mm. Interestingly, these cases
were still classified correctly by the model, suggesting
that the predictive algorithm was able to extract robust
features even from low-resolution scans. This result rein-
forces the potential clinical applicability of the model,
especially in real-world scenarios where high-resolution
imaging is not always available or feasible.

Compared to previous studies, the proposed workflow
leads to better classification performance and offers deep
insight into the most informative features for the predic-
tion of PD-L1 expression based on CT scans. To provide
a clearer comparison with previously published studies,
a summary of the current state of the art in radiomics-
based PD-L1 prediction in NSCLC (including imaging
modality, machine learning approaches, PD-L1 classifica-
tion thresholds, and performance metrics) is reported in
Supplementary table S1.

The first and most important difference concerns the
PD-L1 classification threshold. Several radiomics stud-
ies classify PD-L1 positivity using lower thresholds (e.g.,
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> 1%) [16, 42—-45]. In contrast, this study specifically tar-
gets high PD-L1 expression (> 50%), which represents
a clinically meaningful cutoff used to guide treatment
decisions. In particular, patients with PD-L1 expression
> 50% may receive first-line pembrolizumab mono-
therapy, as demonstrated in the pivotal study [46], while
patients having PD-L1 expression > 50% are candidates
for chemotherapy plus immunotherapy. In contrast, 1%
is a threshold used to guide second-line treatment strate-
gies, which affect fewer patients than the first line. Sev-
eral studies based on FDG-PET/CT images and radiomic
features alone reported AUC values of 0.74 [15], 0.76 [16]
and 0.73 [17]. Among studies based solely on CT images,
reported AUC values include 0.72 for Wen et al. [18],
0.81 for Li et al. [15], 0.78 for Bracci et al. [20], 0.66 for
Yoon et al. [21], and 0.59 for Yolchuyeva et al. [22]. How-
ever, all of the above studies exclusively report AUC as a
performance parameter, without reporting complemen-
tary indicators such as accuracy or confidence intervals.
Importantly, none of the previous studies conducted an
in-depth analysis of the importance of features, limiting
the understanding of which radiomic features contribute
most to the prediction task. In contrast, our study not
only achieves comparable or better performance (median
AUC=0.83), but also provides complete methodological
transparency by reporting results from multiple classifi-
ers with multiple metrics (AUC, accuracy, fl-score, pre-
cision, and recall, including quartiles) and incorporating
a robust feature selection process followed by feature
importance analysis.

Recent work has highlighted the increasing potential
of CT-based radiomics and radiomics-derived signatures
for predicting immunotherapy response, including treat-
ment benefit, survival outcomes, and biomarkers such
as tumor mutational burden (TMB) in NSCLC patients
treated with immune checkpoint inhibitors [47]. Further-
more, systematic reviews have confirmed the feasibil-
ity of radiomics models for estimating immunotherapy
benefit beyond PD-L1 alone [48]. Emerging evidence also
suggests that radiomic features can capture aspects of the
tumor immune microenvironment linked to immuno-
therapy response [49].

To evaluate inter-observer segmentation reproducibil-
ity, a random subset of 10 patients was independently
segmented by two additional radiologists using the same
protocol. Radiomic features were re-extracted from these
segmentations, and agreement was quantified using
intraclass correlation coefficients (ICC3, two-way mixed-
effects model). Segmentation reproducibility analysis
showed a median ICC3 of 0.79. Overall, 58% of features
demonstrated good-to-excellent agreement (ICC > 0.75),
and 27% achieved excellent agreement (ICC > 0.90).

The main limitation of this work is the relatively small
cohort size, which may affect the generalizability of the
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results. The relatively wide interquartile range observed
in AUC values reflects variability in model performance
across cross-validation folds, which is expected given
the limited sample size. In addition, the limited num-
ber of patients compared with the dimensionality of the
radiomic feature space may increase the risk of model
overfitting. Although feature selection strategies were
implemented to reduce the number of predictors, the
ratio of variables to cases remains relatively low. To miti-
gate this issue, feature selection was embedded within
each cross-validation training fold and a consensus-
based multi-method selection strategy was adopted to
retain only the most stable features. To further minimize
the impact of the small dataset on generalization per-
formance, repeated stratified cross-validation was used.
However, larger multicenter datasets will be necessary
to confirm robustness and reduce uncertainty in perfor-
mance estimates.

Although rigorous cross-validation and feature selec-
tion were used to mitigate overfitting and improve
robustness, independent external validation remains
essential. An external cohort would allow verification of
predictive performance in a real-world setting.

Conclusion
In conclusion, this proof-of-concept study highlights the
promising role of radiomics for NSCLC, offering a non-
invasive approach to infer PD-L1 expression directly
from CT images. It also underscores the relevance of the
radiomic features that contributed to the final prediction.
Future studies could expand this approach by imple-
menting larger machine learning platforms based on
federated learning, involving multicenter collaborations.
This strategy may pave the way for further research on
image-guided PD-L1 assessment, addressing the sam-
pling limitations of physical biopsies, which may fail
to capture the full intratumoral spatial heterogene-
ity of PD-L1 expression. Such efforts may contribute to
enhancing inter-institutional standardization, reducing
reliance on human resources, lowering diagnostic costs,
and ultimately improving access to molecular predictive
diagnostics, a key goal in the era of precision oncology.

Abbreviations

NSCLC Non-small cell lung cancer
PD-L1 Programmed death-ligand 1

Al Artificial Intelligence

ML Machine Learning
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GLRLM Gray Level Run Length Matrix
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RFE Recursive Feature Elimination
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SVM Support Vector Machine

LR Logistic Regression
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