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Background: Immunotherapy (I0) revolutionized the prognosis of patients with non-small-cell lung cancer (NSCLC).
However, identifying optimal candidates for this treatment remains challenging. Based on previous studies
suggesting the potential power of radiomics in predicting clinical outcomes in different clinical settings, we aimed
to assess its capability in predicting 10 efficacy in advanced NSCLC patients.

Materials and methods: A total of 375 advanced NSCLC patients treated with 10-based regimens from April 2013 to May
2022 were enrolled. Primary lung lesions were segmented and radiomic features extracted. Using clinical benefit rate and
overall survival status at 6 and 24 months (0S6 and 0S24) as endpoints, machine learning classifiers were trained and
then evaluated on a test set.

Results: Model achieving the highest performance predicting long-term survival (0S24) reached an accuracy of 0.71
and area under the curve of 0.79 on the test set, using the combination of radiomic features and real-world data
(RWD) as input. Combining radiomics with RWD consistently allowed to outperform predictions obtained using the
current standard predictive biomarker, i.e. programmed death-ligand 1 expression, for most of the outcomes.
Conclusions: We explored a radiomics-based signature with potential utility in predicting the prognosis of NSCLC patients
undergoing 10. Further validation is required to confirm its clinical applicability and to support oncologists in making
prognostic assessments.
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INTRODUCTION Immunotherapy (l0), in particular immune checkpoint in-
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burden globally, accounting for 11% of newly diagnosed ~ NSCLC patients, significantly impacting survival outcomes.
cancer cases and 18% of all cancer-related deaths.: More sp.euﬁcally, pivotal trials der?nonstra’-ced long-term .re-
sponses in a subgroup of these patients, with 5-year survival
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. ) from ICl, including patients who hyperprogress after 10
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However, its accuracy in predicting 10 benefit is limited, with
long-lasting responses occurring even in patients with inter-
mediate or low PD-L1 expression.” Several efforts have
focused on identifying novel biomarkers beyond PD-L1,
including blood-count markers like the neutrophil-to-
lymphocyte ratio (NLR), genomic indicators such as tumor
mutational burden, and specific gene mutations like STK11
and KEAP1, as well as transcriptomic profiles, microRNA
(miRNA) signatures, and features derived from the tumor
microenvironment.””® However, none of these biomarkers are
currently used to support treatment decisions in clinical
practice, due to the low accuracy when used alone (e.g. NLR)
or the high cost and poor accessibility (e.g. transcriptomic,
miRNA). Artificial intelligence (Al) offers a promising approach
for both biomarker discovery, by extracting complex textural
information from medical images that is imperceptible to the
human eye, and biomarker aggregation, enabling the devel-
opment of valuable tools to support clinical decision mak-
ing.>'° Radiomics is a computational approach that involves
the quantitative extraction of data from radiological images,
providing insight into diagnostic, predictive, and prognostic
factors in cancer patients. Although numerous studies have
applied radiomics to predict outcomes in NSCLC patients
undergoing |0 treatment, none of these Al tools have been
approved for clinical utilization, primarily due to small sample
size and poor generalizability.”*

This study aims to develop machine learning (ML)-based
radiomic models to predict the effectiveness of 10 in a large-
scale cohort of advanced NSCLC patients receiving any-line
ICls. The study expands beyond unimodal feature models,
combining radiomic features and real-world data (RWD),
enhancing the exploration of multimodal integration in onco-
logical data analysis.

MATERIALS AND METHODS

Study population and objectives

This is an observational, retrospective, monocentric, real-
world study including consecutive advanced NSCLC patients
who received IClIs as any line of treatment for advanced disease
at a single ltalian institution. Eligibility criteria were as follows:
(i) cytologically or histologically confirmed diagnosis of stage IV
or recurrent NSCLC; (ii) age >18 vyears; (iii) at least one
administration of first- or further-line ICl either alone or in
combination with chemotherapy; and (iv) availability of
computed tomography (CT) images before ICl initiation,
carried out within 90 days before treatment start.

The aim of this study was to evaluate the predictive
capability of radiomic features, either alone or in combi-
nation with RWD, for predicting the response to ICls in
patients with advanced NSCLC.

Outcomes and endpoints

Binary classification was used to identify patients who
benefit or not from ICls, based on radiological response and
survival status at pre-specified timepoints. In particular,
three clinical endpoints were selected. Regarding clinical
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benefit rate (CBR) composite endpoint, patients were
attributed to the positive class if they achieved one of the
following: complete response, partial response, stable dis-
ease lasting for at least 4 months, or progressive disease at
the first radiological evaluation but treatment duration >9
months. The latter group of patients was included based on
clinical decision making suggesting perceived clinical
benefit from treatment despite radiological progression, a
scenario increasingly recognized in clinical practice as
‘pseudoprogression’. Overall survival status at 6 months
(0S6) and 24 months (0S24) were also used as endpoints;
for survival endpoints, patients without an OS event and
censored before the timepoint (6 and 24 months for 0S6
and 0S24, respectively) were excluded from the analysis.

RWD curation

RWD, i.e. clinical data retrieved from patients’ electronic
health records (EHRs), included 16 baseline clinically rele-
vant variables collected before treatment initiation
(Supplementary Table S1, available at https://doi.org/10.
1016/j.esmorw.2025.100182). Data were  manually
retrieved from both paper-based and digital EHRs,
depending on availability. Data curation process included
removing duplicate entries, fixing inconsistencies (e.g.
wrong data format and out of range values), and converting
textual data into structured binary or categorical values.
Missing data were imputed using the iterative imputer
method, which creates models for each missing feature as
a function of the available features.

CT scan acquisition and volume of interest identification

Baseline non-contrast-enhanced and contrast-enhanced CT
scans were analyzed by four experienced radiologists (with a
minimum of 8 years of experience). Each CT scan was
segmented by a single radiologist, who identified the lung
primary lesion as volume of interest. The three-dimensional
(3D) segmentation was carried out semi-automatically using
the Syngo.via software.” The follow-up radiological assess-
ment was carried out for each patient with a total body CT
scan, conducted every 9-12 weeks, or before if clinical disease
progression was suspected, as per local practice. The tumor
response evaluation was conducted based on RECIST 1.1.*°

CT scan preprocessing

CT scans and the corresponding segmentations were con-
verted to nearly raw raster data (.nrrd) format with 3D Slicer
software.’ Image preprocessing was used to homogenize
images with respect to pixel spacing and gray-level intensities,
using the z-score normalization technique.’®**® Both the CT
scan and the segmentation mask were resampled to isometric
voxels of 1 x 1 x 1 m3 to ensure complete matching resolu-
tions and voxel sizes.

Radiomic feature extraction

The extraction of radiomic features was then carried out
with the Pyradiomics package.”® A total of 107 features
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were extracted, categorized into seven different classes: 18
features of the first-order class, 14 shape descriptors,
75 texture features of gray-level co-occurrence matrix,
gray-level size zone matrix, gray-level run length matrix,
neighboring gray tone difference matrix, and gray-level
dependence matrix.”°

Feature selection

Three feature sets were provided as input to the ML classi-
fiers: radiomic features (R), RWD, and a combination of
radiomics and RWD (R + RWD). To address multicollinearity
among radiomic features, pairwise Spearman correlation
coefficients were computed. The analysis was conducted
separately for each of the three endpoints. When the cor-
relation coefficient between two features exceeded 0.8, only
the feature with the highest correlation with the outcome
was retained. After removing highly correlated radiomic
features, the maximum relevance minimum redundancy
(MRMR) technique was applied to each of the three feature
sets across the three analyzed endpoints.?* To determine the
optimal number of features for each ML classifier across the
three feature sets and the three endpoints, we tested in-
tervals of 5 feature increments (such as 5, 10, and 15) using
the MRMR feature selector and subsequently evaluated the
performance of the ML model.

Classification analysis with ML models

Since survival classes were unbalanced [0S6: class 1 (OS >
6) = 252 (72%), class 0 (OS < 6) = 100 (28%); 0S24: class 1
(OS > 24) = 84 (28%), class 0 (OS < 24) = 214 (72%)], in
order to optimize model accuracy and balance perfor-
mance metrics between the two classes, undersampling
with the NearMiss method was carried out for the two
survival endpoints.*?

Four ML classifiers were used: logistic regression (LR),
random forest, AdaBoost, and K-nearest neighbors.zg"26
ML models were trained using the three feature sets (R,
RWD, and R + RWD) after applying the feature selection
process. For each endpoint and each feature set, the best
model was selected through 10-fold cross-validation, and
the model was then evaluated on a test set. Comparisons
of area under the curve (AUC) performance on PD-L1,
RWD, and R versus the combined R + RWD model were
conducted using statistical methods appropriate to each
comparison. Specifically, the bootstrap method was applied
to compare PD-L1 against R + RWD models, while DeLong’s
test was used to compare RWD and R models against R +
RWD. All classifiers were implemented using scikit-learn in
Python 3.7.0.%” The probability of survival for patients in
the test set, categorized into two prediction classes by the
best-performing ML classifier, was visualized using Kaplan—
Meier curves.”®

Explainability analysis

Given the complexity of understanding the inner workings
of ML models, we applied an explainable Al technique,
namely SHapley Additive exPlanation (SHAP) values, to gain
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insight into the underlying mechanisms governing ML
model predictions.”®*° SHAP analyses are provided for
both global and local explainability to assess which features
most influenced the model in patient classification in the
whole study population and at the single-patient level,
respectively.>* SHAP values were calculated and plotted.

In the global explainability plots, each data point corre-
sponds to a patient observation. Features are arranged on the
y-axis based on their importance for the model, with the most
important feature positioned on the top of the graph. Each
data point on the plot corresponds to a patient observation,
and its position with respect to the x-axis indicates whether the
effect of the feature value is associated with a higher (class 1)
or lower (class 0) target value. Additionally, a color map applied
on data points is used to represent the specific values of fea-
tures for each patient, where red and blue colors indicate
higher and lower feature values, respectively.

In local explainability graphs, features are ordered from
the top to the bottom based on their importance for the
patient prediction, and the contribution of each feature to
the individual prediction is displayed by SHAP values.
Features that move the prediction toward class 1 are rep-
resented by red bars, whereas those shifting the prediction
toward class 0 are represented by blue bars. Figure 1
summarizes the workflow from image preprocessing to
model development and explainability.

Ethical considerations

This study was conducted in accordance with the Declaration
of Helsinki and approved by the ethical committee (INT 128/
22).3? patients who were alive at the time of study initiation
signed informed consent for the treatment of personal data for
research purposes during the first clinical visit. For patients not
alive at study initiation and data collection, the study adhered
to the rules for the protection of personal data.

RESULTS

Study population

Eligible consecutive patients treated with ICl-based regimens
from April 2013 to May 2022 were enrolled in the study. Of
the 664 assessable cases, 375 patients were included for the
final analysis and randomly split into training (300, 80%) and
test (75, 20%) sets for evaluating the CBR endpoint. For
survival outcomes, the dataset was undersampled to balance
the outcome classes by reducing the majority class, with a
final sample size of 242 and 204 for OS6 and 0S24, respec-
tively. The OS6 dataset was split into training (193, 80%) and
test (49, 20%) sets, as well as the 0524 dataset (163, 80%; 41,
20%, respectively). Supplementary Figure S1, available at
https://doi.org/10.1016/j.esmorw.2025.100182, displays the
Consolidated Standards of Reporting Trials (CONSORT) dia-
gram of the study.

Patients’ clinical characteristics

The most relevant clinical characteristics of patients
enrolled in the study are shown in Table 1. Most of the
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Figure 1. Study workflow, including data acquisition, preprocessing, ML modelling, and explainability.
3D, three-dimensional; AUC, area under the curve; CBR, clinical benefit rate; CT, computed tomography; 10, immuno therapy treatment; KNN, K-nearest neigh-
borhood; LR, logistic regression; ML, machine learning; 0S24, overall survival at 24 months; 0S6, overall survival at 6 months; RF, random forest; RWD, real-world

data.

patients received |0-based treatment as first-line therapy
for metastatic disease (58%) and were treated with ICls as
monotherapy (77%).

Feature selection

The initial set of 107 radiomics underwent correlation
analysis. Specifically, 75 radiomic features were identified
as highly correlated and excluded from the dataset. The
residual 32 radiomics and 16 RWD underwent MRMR
feature selection, separately for each endpoint.

Comparison between R, RWD, and R + RWD for CBR, 0S6,
and 0S24 on cross-validation

The accuracy, AUC, and Fl-score of all ML classifiers in
predicting CBR, 0S6, and 0S24 outcomes on training and
cross-validation by using the three feature modalities are
reported in Supplementary Table S2, available at https://
doi.org/10.1016/j.esmorw.2025.100182.

For the CBR endpoint, the selected best-performing
unimodal radiomic model, using 15 R and AdaBoost as
classifier, achieved an accuracy of 0.61 and an AUC of 0.64
on cross-validation. When using RWD feature set, the LR
model reached an accuracy of 0.69 and an AUC of 0.73 on
cross-validation. Finally, with the combination of 20 R +
RWD features, LR reached an accuracy of 0.70 and an AUC
of 0.75 on cross-validation.

For the OS6 endpoint, LR achieved an accuracy of 0.76
and an AUC of 0.82 using five R features, while AdaBoost
achieved an accuracy of 0.75 and an AUC of 0.84 on cross-
validation when using five RWD features. An accuracy of
0.80 and an AUC of 0.90 were obtained when training LR
with five R + RWD features.

Regarding the 0S24 endpoint, LR was the best classifier
for the three feature sets. Specifically, it reached an accu-
racy of 0.64 and an AUC of 0.68 using 10 R features, an
accuracy of 0.66 and an AUC of 0.74 with 10 RWD, and an
accuracy of 0.68 and an AUC of 0.78 with 10 R + RWD
features on cross-validation.

4 https://doi.org/10.1016/j.esmorw.2025.100182

Test set performances of R, RWD, and R + RWD for CBR,
0S6, and 0S24

The performance of the best ML classifier for each endpoint
(CBR, 0S6, and 0S24) and feature set (R, RWD, and R + RWD)
was evaluated on the test set (Supplementary Table S3, available
at https://doi.org/10.1016/j.esmorw.2025.100182). Figure 2
shows the comparison of the models’ predictive capability across
the three feature set modalities and PD-L1 expression and across
the three endpoints, based on test AUC. The best predictive
performance was achieved for 0S24, with an accuracy of 0.71
and an AUC of 0.79 on the test set, using LR with 10 R + RWD
features. Although statistically significant differences in test
AUCs were observed only for the CBR endpoint R versus R +
RWD (P = 0.002) and PD-L1 versus R + RWD (P = 0.002), a trend
toward better AUC was consistently observed when comparing
the R + RWD model with unimodal models and with PD-L1 (R +
RWD versus PD-L1 P=0.13,R + RWD versus RWDP=0.91,R +
RWD versus R P = 0.31, for the OS6 endpoint; R + RWD versus
PD-L1 P = 0.08, R + RWD versus RWD P = 0.14, R versus RWD
P = 0.24, for the 0S24 endpoint).

Figure 3 displays the Kaplan—Meier curves showing OS
probabilities of patients predicted by the best models
across the three endpoints (LR with 20 R + RWD for CBR,
LR with 5 R + RWD for 0S6, and LR with 10 R + RWD for
0S24). All the three models were able to identify two
classes of patients with distinct prognosis (median OS 30.87
among patients predicted as CBR responders versus 5.77
non-responders, log-rank P < 0.001; median OS 13.67
among patients predicted as >6 months’ survivors versus
4.73 in the other group, log-rank P = 0.003; median OS
27.03 among patients predicted as >24 months’ survivors
versus 9.27 in the other group, log-rank P = 0.003).

SHAP: global explainability

Supplementary Table S4, available at https://doi.org/10.
1016/j.esmorw.2025.100182, shows the list of the 10
selected R + RWD features used by the best-performing
model for predicting 0S24 endpoint. To understand which
features most influenced model decisions, we applied the
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Table 1. Clinical characteristics (RWD) of the study population
Characteristics Dataset (n = 375)
Sex, n (%)

Male 227 (61)

Female 148 (39)
Age, years

Median (IQR) 68 (60-74)
BMI, kg/m?

Median (IQR) 24.2 (21.6-27.5)
ECOG PS, n (%)

0 124 (33)

1 203 (54)

2 46 (12)
Tobacco Smoking habit, n (%)

Smoker 314 (83.7)

Nonsmoker 56 (15)

NA 5 (1.3)
Histology, n (%)

Squamous 72 (19.2)

Non-squamous 300 (80)

NA 3 (0.8)
PD-L1, n (%)

<1% 97 (25.9)

1%-49% 103 (27.5)

>50% 97 (25.9)

NA 78 (20.7)
Presence of distant metastases, n (%)

Yes 321 (85.6)

No 35 (9.4)

NA 19 (5)
Previous surgery for early disease, n (%)

Carried out 61 (16)

Not carried out 273 (73)

NA 41 (11)
ICl administration, n (%)

Alone 289 (77)

With chemotherapy 86 (23)
Therapy line for metastatic disease, n (%)

1 219 (58.4)

2 94 (25)

>3 56 (15)

NA 6 (1.6)

BMI, body mass index; ECOG PS, Eastern Cooperative Oncology Group performance
status; ICI, immune checkpoint inhibitor; IQR, interquartile range; NA, not available;
PD-L1, programmed death-ligand 1; RWD, real-world data.

SHAP technique to the best-performing model (Figure 4). Of
note, Eastern Cooperative Oncology Group performance
status (ECOG PS), metastatic burden, expressed as the
number of metastatic sites, as well as the presence of brain
metastases resulted among the most important RWD char-
acteristics, which are in line with established clinical
knowledge and available literature. In detail, a low value of
ECOG PS, a low number of metastatic sites, and the absence
of brain metastases are associated with a longer survival
(class 1). Large area emphasis (LAE), which is a measure of
the distribution of areas that share the same gray-level in-
tensities, resulted as the most important radiomic feature.
SHAP plot revealed that higher values of LAE are correlated
with class 1, suggesting that a coarser texture of tumor lesion
could be associated with better prognosis.

SHAP: local explainability

To better understand how features impact model pre-
dictions at a single-patient level, waterfall plots for local
explainability were generated. Figure 5 displays the local
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Figure 2. Test AUC comparison between the three feature sets (R, RWD, and
R + RWD) for CBR, 0S6, and 0S24 endpoints. Statistical significance between
PD-L1 versus R + RWD was assessed using the bootstrap method, while
comparisons between RWD and R versus R + RWD were evaluated using
Delong’s test, with * indicating statistically significant differences (P < 0.05).
AUC, area under the curve; CBR, clinical benefit rate; 0S24, overall survival
status at 24 months after immunotherapy start; 0S6, overall survival status at 6
months after immunotherapy start; PD-L1, programmed death-ligand 1; R,
radiomics; R + RWD, radiomics plus real-world data.

explainability plot in four representative cases: (i) true
positive (TP), i.e. a patient who is correctly classified as a
longer survivor by the model; (ii) true negative, a patient
who is correctly classified as a shorter survivor; (iii) false
positive, a shorter survivor patient who is incorrectly clas-
sified as a longer survivor; (iv) false negative, a longer
survivor patient who is incorrectly classified as a shorter
survivor. Taking the TP case as an example, the prediction
was strongly influenced by ECOG PS. In particular, a low
ECOG PS (0 in this case) moved the prediction toward
longer survival (class 1). On the contrary, a low value of LAE
radiomic feature pushed the prediction toward shorter
survival (class 0).

DISCUSSION

The present study evaluates the predictive power of radiomic
features, either alone or combined with RWD, in predicting
benefit and survival outcomes from ICls in a monocentric
cohort of advanced NSCLC patients. Two different endpoints
were assessed: CBR, a mixed clinical—radiological endpoint,
and survival status at 6 and 24 months (0S6 and 0S24,
respectively). Survival status endpoints are of particular clinical
relevance for stratifying patients for treatment escalation or
de-escalation. Indeed, OS6 aimed at identifying early pro-
gressors, i.e. patients who do not benefit from ICI with a life
expectancy of <6 months. In contrast, 0524 endpoint iden-
tifies long-term survivors, i.e. patients particularly sensitive to
ICl and potentially ‘cured” with the use of ICI. Three sets of
features, R, RWD, and R + RWD, were analyzed using four
different ML classifiers for each of the three endpoints.
Overall, survival prediction models (0S6 and 0S24)
outperformed those for CBR, reflecting the importance of
selecting appropriate endpoints in evaluating treatment effi-
cacy, especially when evaluating 10 efficacy. Indeed, 10-based
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Figure 3. Kaplan—Meier curves showing probabilities of overall survival of predicted patients based on the three endpoints in the test set using the best
classifiers (LR with 10 R + RWD for 0S24, LR with 5 R + RWD for 0S6, and LR with 20 R + RWD for CBR). (A) 0S24. (B) 0S6. (C) CBR.
CBR, clinical benefit rate; LR, logistic regression; 0S24, overall survival at 24 months; 0S6, overall survival at 6 months; R + RWD, radiomics plus real-world data.

treatments can exert its antitumor effects even in the absence
of significant radiological changes.

Leveraging multimodal data (R + RWD) as input for ML
models results in better prediction performances when
compared with the use of unimodal features alone across
multiple endpoints. Importantly, both the radiomic and the
multimodal models outperformed the prediction
performances of the categorized PD-L1 expression (<1%,

1%-49%, >50%), which is the current biomarker used in
clinical practice to support treatment selection and to
predict long-term benefit from ICI. The best predictive
performance in the independent test set was achieved
using 0S24 as endpoint, with an accuracy of 0.71 and an
AUC of 0.79, using LR as classifier with the combination of
10 radiomic features and RWD. Although the AUC differ-
ence when comparing the multimodal model with RWD-
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Figure 4. SHAP global explainability for the best-performing model LR utilizing the combination feature set for 0524 on the test set.

ECOG PS, Eastern Cooperative Oncology Group performance status; ICl, immune checkpoint inhibitor; LR, logistic regression; M_stage_|O, metastatic stage at the

start of immunotherapy; 0S24, overall survival at 24 months; SHAP, SHapley Additive explanation.
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Figure 5. SHAP local explainability for the best-performing model LR utilizing 10 R + RWD for 0S24 on the test set. (A) True positive. (B) True negative. (C) False

positive. (D) False negative.

ECOG PS, Eastern Cooperative Oncology Group performance status; ICl, immune checkpoint inhibitor; LR, logistic regression; M_stage_|O, metastatic stage at the
start of immunotherapy; 0S24, overall survival at 24 months; R + RWD, radiomics plus real-world data.

only and PD-L1 was not statistically significant except for
CBR endpoint, a consistent trend favoring the combined
feature set emerged for both the survival endpoints (AUC
0.76 versus 0.64 versus 0.54 with R + RWD, RWD, and
PD-L1 feature sets for the 0OS6 endpoint; AUC 0.79 versus
0.72 versus 0.56 for the 0S24 endpoint). This observation
supports the added value of radiomic features in improving

Volume 10 m Issue C m 2025

the predictive performance of classification models pre-
dicting survival in NSCLC patients.

Our results are consistent with findings from recent
literature and contribute to support radiomics in predicting
ICl effectiveness in advanced NSCLC patients. Lesion het-
erogeneity and non-uniform density patterns were associ-
ated with better response to ICls, while integrating
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radiomics with RWD like albumin and lymphocyte levels
further improved prediction performance over using a
single data source.**** Finally, the multimodal integration
of radiomics, histopathology, and genomics enabled early
stratification of responders versus non-responders.>*>°

If validated in a larger prospective dataset, our results, which
are consistent with the available literature, may support the
utility of radiomics in clinical decision making. Specifically, early
identification of high-risk patients may guide treatment
intensification via the addition of chemotherapy or the use of
emerging strategies like antibody—drug conjugates.
Conversely, predicting long-term responders could benefit
from de-intensified, chemotherapy-free regimens, potentially
optimizing toxicity without compromising efficacy.

To enhance interpretability, we used the SHAP technique to
identify which features most influenced the models’ pre-
dictions. The top 10 selected features for the best-performing
model included both RWD (e.g. ECOG PS, sex, presence of
brain and bone metastases) and radiomic features (e.g. LAE,
elongation, sphericity, and dependence variance), reinforcing
the usefulness of integrating radiomic features when predict-
ing 10 efficacy in NSCLC patients (see Supplementary Table S4,
available at https://doi.org/10.1016/j.esmorw.2025.100182,
for details). The key RWD in our study aligned with the ones
associated with prognostic impact on cancer patients’ survival
(i.e. patient’s ECOG PS, sex, presence of brain and bone
metastases), based on clinical experience and previous
studies.>**® The observation that some well-established fea-
tures (e.g. PD-L1 expression, tumor histology, or timing of 10
administration) were not considered important by the model
may suggest that these variables had a limited impact on
treatment prediction within the specific test set analyzed. This
phenomenon may be attributed by the underrepresentation of
certain subgroups in the test data, as in the case of the line of
therapy at which 10 was administered. While some radiomic
features are intuitively associated with prognostic outcomes
[e.g. major axis length, which approximates to ‘T’ dimension in
TNM (tumor—node—metastasis), classification], others cannot
be captured by the human eye and are associated with clinical
and/or biological surrogates. Our results highlighted the LAE
radiomic feature as an important factor; as a high value of LAE
is typically associated with a coarser texture, we could spec-
ulate that higher intratumor heterogeneity may be linked to
enhanced immune infiltration and improved prognosis.*®

This study has some limitations. Firstly, its retrospective
nature, which encompasses the use of CT scans acquired
during a wide time frame (from 2013 to 2022), introduces
variability in image acquisition protocols, potentially affecting
feature extraction. However, this potential pitfall may enhance
the generalizability of the models across external datasets. In
addition, the heterogeneity of the patient cohort, which
included patients treated with ICs in different treatment lines
and with different strategies (with or without chemotherapy),
could limit the applicability of the model, especially as ICls are
now predominantly used as first-line therapy in advanced
NSCLC. The small sample size may have also impacted model
performances and statistical power, highlighting the need for a
larger patient cohort to strengthen the observed results.
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Our model can be further improved. Firstly, predicting
continuous survival outcomes could result in better prognosis
prediction. However, this approach may limit clinical appli-
cability, as classification task, by identifying a specific sub-
group of patients, can more effectively guide treatment
escalation or de-escalation strategies. Furthermore, deep
learning approaches could be adopted to build an end-to-end
model, potentially improving model performance. However,
these architectures need a larger dataset for training, and
their increased complexity may reduce interpretability, which
is a crucial aspect when aiming for clinical translation. In
addition, integrating RWD and radiomics with additional data
sources, like genomics and digital pathology, could provide
better insights into tumor biology and, therefore, even in-
crease model performances, as already demonstrated in
literature.>*> Moreover, incorporating longitudinal imaging
data for the computation of delta-radiomic features (differ-
ence of features extracted from CT/positron emission to-
mography scan carried out at baseline and at first radiological
evaluation) could enrich temporal tumor characterization.*’
To pursue these aims, we are conducting the international,
retrospective—prospective 13LUNG study (NCT05537922),
which will use data from multiple sources to build a
comprehensive predictive model for advanced NSCLC pa-
tients treated with ICls.**

Conclusions

We demonstrated that predicting clinical and survival
outcomes of advanced NSCLC patients treated with ICls
using radiomics and RWD is feasible and effective. The
explainability of the model assured consistency with avail-
able literature and clinical knowledge. Further efforts,
including population expansion, external validation, and
prospective cohort enrollment, are needed to finally apply
this data in clinical practice.
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