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Background: Predicting response to immunotherapy is crucial for advanced non-small cell lung cancer 
(NSCLC) treatment planning, but effective predictive markers for immunotherapy efficacy are still lacking. 
This study aimed to develop an explainable machine learning model for predicting immunotherapy responses 
in advanced NSCLC patients.
Methods: A total of 245 advanced NSCLC patients from two centers who received immunotherapy 
were retrospectively enrolled. For each primary tumor, three regions of interest were analyzed, namely, 
the intratumoral region (ITR), peritumoral region (PTR), and combined intratumoral and PTR (IPTR). 
Pre-radiomics features and delta-radiomics features reflecting the rate of change between radiomics 
features before and after treatment were extracted. Models for predicting immunotherapy responses were 
established via the extreme gradient boosting (XGBoost) classifier and assessed in terms of discrimination, 
calibration, and clinical utility. The SHapley Additive exPlanations (SHAP) tool was employed to explore the 
interpretability of the model. Kaplan-Meier (KM) analysis of progression-free survival (PFS) was conducted 
to evaluate the prognostic value of the prediction models.
Results: The delta-radiomics models of ITR and IPTR demonstrated optimal performance in predicting 
immunotherapy response, significantly improving the area under the curve (AUC) to 0.85 and 0.83 in the 
internal validation cohort and 0.84 and 0.86 in the external validation cohort. SHAP revealed a strong 
relationship between the delta-radiomics feature values and the model-predicted probabilities. KM curves 
indicated that the high-risk groups identified by the delta-radiomics models had significantly worse PFS than 
did the low-risk groups across all cohorts.
Conclusions: The results demonstrated that a model based on multiple time points outperformed 
one based on a single time point. The delta-radiomics model has been proved a noninvasive approach 
for assessing the response of advanced NSCLC patients to immunotherapy and facilitates individualized 
treatment decision making.
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Introduction

Compared with chemotherapy, immune checkpoint 
inhibitors (ICIs) targeting programmed cell death 
protein-1 (PD-1)/programmed cell death-ligand 1 (PD-L1)  
significantly improve the overall survival (OS) of advanced 
non-small cell lung cancer (NSCLC) patients (1-4).  
Following the results of randomized, open, multicenter 
clinical trials (5-7), various immunotherapy drugs have 
been approved by the United States Food and Drug 
Administration (FDA) and China National Medical Products 
Administration (NMPA) for the treatment of NSCLC at 
different stages of the disease. Despite these advancements, 
a significant challenge remains in identifying which patients 
will respond to ICIs. Although biomarkers such as PD-
L1 expression (8,9), tumor mutational burden (10,11), and 
tumor-infiltrating lymphocytes (12,13) have shown potential 
in predicting immunotherapy benefit, their predictive 
efficiency remains limited (14,15). Therefore, developing 
effective biomarkers to predict the immunotherapy response 
and decode the dynamic immune microenvironment and 
tumor heterogeneity in NSCLC patients is crucial.

Compared with invasive biopsy methods, which 
can obtain limited tumor tissue specimens, computed 
tomography (CT) provides a noninvasive approach for 
detecting, diagnosing, and monitoring lung cancer. In 
clinical practice, response evaluation criteria in solid tumors 
(RECIST) version 1.1 (16) remains the primary tool for 
assessing immunotherapy efficacy, with a focus on changes 

in tumor size on CT images. However, RECIST 1.1 does 
not account for tumor heterogeneity, which could offer 
additional insights into treatment response.

Radiomics techniques decode imaging phenotypes 
through the quantification of high-throughput features of 
tumor regions on standard-of-care medical images (17). 
Compared with conventional qualitative features, radiomics 
can capture undetectable tumor characteristics with the 
naked eye, offering important information associated with 
lung cancer diagnosis, prognosis and therapy prediction 
to support personalized decision making. Previous studies 
have shown that pre-treatment tumor radiomics features 
can reflect clinical efficacy in response to anti-PD-1/PD-L1 
therapies in lung cancer (18,19). Recent research has focused 
on the dynamic changes in tumor radiomics features from 
pre- to post-treatment CT scans, which can enhance model 
performance in predicting treatment response (20-22).  
Thus, we hypothesized that the dynamic changes in CT-
based radiomics features before and after treatment, 
which reveal tumor heterogeneity, could serve as imaging 
biomarkers for predicting immunotherapy response in 
advanced NSCLC patients.

In this study, we developed explainable machine learning 
models using pretreatment tumor radiomics features and 
delta-radiomics features to predict immunotherapy response 
in advanced NSCLC patients. Additionally, we compared 
these models with RECIST 1.1-based measurements of the 
maximal tumor diameter. We also evaluated progression-
free survival (PFS) differences between the low- and high-
risk groups defined by these predictive models. Figure 1 
illustrates the overall workflow of the study. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://tlcr.amegroups.com/article/
view/10.21037/tlcr-24-973/rc).

Methods

Study population

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). This 
retrospective study was approved by the institutional 
review boards of Fudan University Shanghai Cancer 
Center (FUSCC) (No. 2203252-Exp4) and Shanghai 
Pulmonary Hospital (SPH) (No. L20-335-2), and the 
requirement for informed consent was waived due to the 
retrospective nature of the study. A total of 245 advanced 
NSCLC patients with clinical stage III or IV only treated 
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Figure 1 Flowchart of the study. Red markers represent the intratumoral region or peritumoral region or maximal tumor diameter. 
RECIST, response evaluation criteria in solid tumors version 1.1; ITR, intratumoral region; PTR, peritumoral region; IPTR, combined 
intratumoral and peritumoral region; PFS, progression-free survival.

with anti-PD-1/PD-L1 therapy between June 2015 and 
December 2020 at the FUSCC and SPH were included. 
The majority received immunotherapy alone as second-
line or further lines treatment following chemotherapy. 
The entire treatment process for each patient was reviewed 
using the electronic medical records system at each center. 
Each patient underwent a baseline chest CT scan before 
immunotherapy and a post-treatment CT scan after one to 
three cycles of immunotherapy, which was downloaded from 
the Picture Archiving and Communication System (PACS). 
Patients with poor image quality or indistinguishable borders 
of the targeted lesions were excluded from the study.

Clinical endpoints

The primary efficacy endpoint was the response status 
defined by RECIST 1.1, which was classified as progressive 
disease (PD) or non-PD. Patients who developed at least 
a 20% relative increase in the sum of the diameters of the 
target lesions with an absolute increase of not less than  
5 mm or any new lesion appearance after immunotherapy 
were assigned to the PD group and were considered 
nonresponders. Patients with complete response (CR), 
partial response (PR) or stable disease (SD) were assigned 
to the non-PD group and were considered responders. The 

secondary efficacy endpoint was PFS, which was defined as 
the time from immunotherapy initiation until progression 
or death and was censored at the date of the last follow-up 
for survivors without progression.

CT scanning

Pretreatment and post-treatment CT scans were acquired 
via multi-slice CT scanners from Siemens (Munich, 
Germany), Toshiba (Tokyo, Japan), General Electric 
Medical Systems (Waukesha, USA), Philips (Amsterdam, 
the Netherlands), or United Imaging Healthcare Company 
(Shanghai, China). The slice thickness of all the CT images 
with a matrix of 512×512 pixels was 0.77±0.14 mm (ranging 
from 0.3 to 1.0 mm), 0.82±0.19 mm (ranging from 0.3 
to 1.5 mm), and 1.05±0.15 mm (ranging from 1.0 to 1.5 
mm), and the pixel spacing was 0.74±0.07 mm (ranging 
from 0.59 to 0.98 mm), 0.76±0.07 mm (ranging from 0.62 
to 0.96 mm), and 0.78±0.05 mm (ranging from 0.64 to  
0.93 mm), respectively, in the training, internal validation, 
and external validation cohorts.

Tumor segmentation and measurement

The targeted lesion was defined as the largest tumor 
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volume. A senior radiologist (Reader 1) with 10 years 
of experience annotated the three-dimensional (3D) 
intratumoral regions (ITR) on pre- and post-treatment CT 
images slice-by-slice via ITK-SNAP software (http://www.
itksnap.org/, version 3.8.0), without access to the patients’ 
clinicopathological information. To further assess intra- 
and inter-observer reproducibility, 20 patients randomly 
selected from the training cohort were re-delineated twice 
by Reader 1 and another radiologist (Reader 2) with 5 years 
of experience after four weeks. Additionally, the longest 
diameter of the target tumor was measured on axial CT 
images via PACS measurement tools, and the percentage 
change in tumor diameter between baseline and follow-up 
CT scans was calculated.

The peritumoral regions (PTR) were obtained by 
expanding the ITR boundary by 15 mm (23,24), which 
is considered to be the surgically safe margin (25). The 
regions, including the air, normal tissue, chest or pericardial 
cavity, were manually excluded from each PTR by Reader 2.  
In the end, each target tumor had three regions of interest 
for subsequent analysis, namely, the ITR, PTR, and 
combined intratumoral and PTR (IPTR).

Radiomics feature extraction and selection

To ensure comparability, all images were resampled into  
1 mm3 isotropic voxels to ensure comparability by applying 
a B-spline curve interpolation algorithm, which addresses 
variations in slice thickness and in-plane resolution. 
Radiomics features were extracted from both the original 
and wavelet-transformed images via the PyRadiomics 
package (version 3.0.1). A total of 851 radiomics features 
were extracted from both the original and wavelet images, 
including three groups, namely, 18 first-order features, 
14 shape features, and 75 texture features, where shape 
features were only extracted from the original image. The 
texture features included 24 gray level co-occurrence matrix 
(GLCM) features, 16 gray level size zone matrix (GLSZM) 
features, 16 gray level run length matrix (GLRLM) features, 
5 neighboring gray tone difference matrix (NGTDM) 
features, and 14 gray level dependence matrix (GLDM) 
features. Delta-radiomics features, reflecting the dynamic 
changes between pretreatment and post-treatment CT 
images, were computed by subtracting pretreatment CT 
features from post-treatment CT features and then dividing 
them by pretreatment CT features.

A two-step feature selection strategy was applied to select 
optimal radiomics features. First, the radiomics features 

with intra- and interclass correlation coefficients (ICC) 
lower than 0.8, indicating poor intra- and inter-observer 
agreement, were removed. To address scaling differences, 
all the radiomics features extracted were normalized via 
the z-score normalization method. Then, the least absolute 
shrinkage and selection operator (LASSO) with 10-fold 
cross-validation was employed to eliminate the redundant 
features and select the optimal features. In addition, the 
Wilcoxon rank sum test was used to evaluate the differences 
between the selected features in immunotherapy responders 
and non-responders.

Explainable prediction model development

The extreme gradient boosting (XGBoost) classifier was 
employed to develop machine learning models aimed at 
predicting immunotherapy response in advanced NSCLC 
patients. The development process included several key steps:

(I)	 Pretreatment prediction model: this model was 
developed using pretreatment radiomics features 
extracted from baseline CT images. This study aimed 
to predict immunotherapy response on the basis of 
tumor characteristics observed before treatment.

(II)	 Short-term prediction model: a separate model was 
developed on the basis of delta-radiomics features, 
which capture the dynamic changes in tumor 
characteristics between pre- and post-treatment CT 
scans. This approach aims to improve prediction 
accuracy by incorporating information on how the 
tumor evolves in response to treatment.

(III)	 Combined IPTR model: to exploit the complementary 
information from different tumor regions, we 
integrated radiomics features from both ITR and 
PTR into a single XGBoost model, referred to as 
the combined IPTR model. This approach aims 
to enhance prediction by leveraging the unique 
insights provided by each region.

(IV)	 Comparison with the RECIST model: in addition to 
the radiomics-based models, we created an RECIST 
model that focused on tumor size changes according 
to the RECIST 1.1 criteria. This model was used 
to compare the performance of radiomics features 
with that of conventional methods for identifying 
immunotherapy responders and non-responders.

(V)	 Model explanation: to provide interpretability and 
insight into the decision-making process of the 
machine learning models, we utilized the SHapley 
additive exPlanations (SHAP) method (26). SHAP 

http://www.itksnap.org/
http://www.itksnap.org/
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helps explain the contribution of each feature to the 
model’s predictions, enhancing our understanding 
of how the models make predictions and ensuring 
transparency.

These steps were taken to develop robust and interpretable 
models that not only predict immunotherapy response but 
also provide insights into the underlying factors driving 
those predictions.

Performance evaluation and survival analysis

The performance of the established prediction models 
was thoroughly assessed via several metrics to evaluate 
their effectiveness in predicting immunotherapy response. 
First, the discrimination performance was assessed through 
receiver operating characteristic (ROC) curve analysis and 
quantified by the area under the curve (AUC), accuracy, 
weighted average precision, weighted average recall and 
weighted average F1-score. The corresponding 95% 
confidence interval (CI) of the AUC was calculated by 
resampling 1,000 times via the bootstrap approach. In 
addition, the DeLong test was used to compare AUC 
values between different models to determine if there were 
statistically significant differences in their discrimination 
performance. Second, the calibration performance was 
assessed through a calibration curve evaluating the 
agreement between the predicted and actual outcomes. 
This approach provided insights into how well the 
model’s predicted probabilities aligned with the observed 
responses. The Brier score was calculated to evaluate the 
accuracy of the probabilistic predictions, with lower scores 
indicating better model calibration. Third, decision curve 
analysis (DCA) was used to assess the clinical utility of 
the prediction models by quantifying the net benefit of 
the models across a range of threshold probabilities. This 
analysis helps determine the practical value of the models in 
clinical decision-making.

Patients were categorized into high-risk and low-risk 
groups on the basis of the optimal cutoff value derived 
from the ROC curve via the Youden index method. Then, 
Kaplan-Meier (KM) curves were generated to compare PFS 
between the high-risk and low-risk groups. Log-rank tests 
were conducted to evaluate the statistical significance of 
differences in survival between these groups.

Statistical analysis

To evaluate differences in clinicopathological variables and 

ensure the robustness of the results, the following statistical 
methods were used. The Mann-Whitney U test was applied 
to compare continuous variables between responders and 
non-responders when the data did not meet the assumption 
of normality. Fisher’s exact test was used for categorical 
variables to determine if there were significant associations 
between clinicopathological features and response to 
immunotherapy. All the statistical analyses were performed 
via R software (version 3.5.2). Two-sided tests were 
conducted with a significance level set at 0.05 to determine 
statistical significance. Data processing and additional 
analyses were carried out via the Python programming 
language (version 3.9), which provides flexibility and 
advanced capabilities for handling and analyzing complex 
datasets.

Results

Patient characteristics

Table 1 summarizes the clinicopathological characteristics 
of the enrolled patients. Of the 245 patients from two 
medical centers, 115 patients from SPH, 63 patients from 
SPH, and 67 patients from FUSCC were allocated to the 
training, internal validation, and external validation cohorts, 
respectively. As the P values shown in Table 1, no statistically 
significant differences were observed between responders 
and non-responders in terms of age, sex, smoking status, 
histological type, or clinical stage across all cohorts. These 
findings indicate that the baseline characteristics were 
comparable between the two groups within each cohort.

Prediction model evaluation

The ROC curves of all the established models in the 
training, internal validation, and external validation cohorts 
are shown in Figure 2. Table 2 summarizes the AUC values 
for the RECIST model compared with those of the delta-
radiomics models. Compared with the RECIST model, 
the ITR delta-radiomics model and IPTR delta-radiomics 
model significantly improved the AUC value to 0.85±0.05 
(95% CI: 0.74–0.94) and 0.83±0.05 (95% CI: 0.71–0.93) in 
the internal validation cohort and 0.84±0.06 (95% CI: 0.71–
0.94) and 0.86±0.04 (95% CI: 0.78–0.94) in the external 
validation cohort, respectively. These improvements in the 
AUC compared with those of the RECIST model were 
statistically significant, indicating enhanced predictive 
performance for the delta-radiomics models.
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Table 1 Clinicopathological characteristics of enrolled patients

Variables

Training cohort Internal validation cohort External validation cohort

Responder 
(n=89)

Non-responder 
(n=26)

P value
Responder 

(n=47)
Non-responder 

(n=16)
P value

Responder 
(n=50)

Non-responder 
(n=17)

P value

Age, years 67.76±8.12 62.81±10.31 0.07 64.79±10.09 66.88±7.79 0.40 61.74±8.19 59.53±9.51 0.27

Gender 0.15 0.13 0.02*

Female 13 (14.6) 7 (26.9) 6 (12.8) 5 (31.2) 8 (16.0) 8 (47.1)

Male 76 (85.4) 19 (73.1) 41 (87.2) 11 (68.8) 42 (84.0) 9 (52.9)

Smoking status 0.18 0.35 0.23

Absent 47 (52.8) 18 (69.2) 31 (66.0) 13 (81.3) 14 (28.0) 8 (47.1)

Presence 42 (47.2) 8 (30.8) 16 (34.0) 3 (18.7) 36 (72.0) 9 (52.9)

Histological type 0.66 0.56 >0.99

Adenocarcinoma 50 (56.2) 16 (61.5) 20 (42.6) 5 (31.3) 40 (80.0) 14 (82.4)

Squamous cell 
carcinoma

39 (43.8) 10 (38.5) 27 (57.4) 11 (68.7) 10 (20.0) 3 (17.6)

Clinical stage >0.99 >0.99 0.57

III 14 (15.7) 4 (15.4) 14 (29.8) 5 (31.3) 4 (8.0) 0 (0.0)

IV 75 (84.3) 22 (84.6) 33 (70.2) 11 (68.7) 46 (92.0) 17 (100.0)

Data are presented as mean ± standard deviation or number (frequency). A P value less than 0.05 (marking with *) indicates statistically 
significant differences between the responder and non-responder groups.
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ITR delta-radiomics model
AUC: 0.86±0.04, 95% CI: [0.78, 0.93]
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AUC: 0.85±0.05, 95% CI: [0.74, 0.94]

ITR delta-radiomics model
AUC: 0.84±0.06, 95% CI: [0.71, 0.94]

PTR delta-radiomics model
AUC: 0.85±0.04, 95% CI: [0.76, 0.92]

PTR delta-radiomics model
AUC: 0.81±0.06, 95% CI: [0.68, 0.92]

PTR delta-radiomics model
AUC: 0.83±0.06, 95% CI: [0.71, 0.93]

IPTR delta-radiomics model
AUC: 0.89±0.04, 95% CI: [0.81, 0.96]

IPTR delta-radiomics model
AUC: 0.83±0.05, 95% CI: [0.71, 0.93]

IPTR delta-radiomics model
AUC: 0.86±0.04, 95% CI: [0.78, 0.94]

RECIST model
AUC: 0.73±0.04, 95% CI: [0.64, 0.80]

RECIST model
AUC: 0.73±0.05, 95% CI: [0.63, 0.83]

RECIST model
AUC: 0.73±0.05, 95% CI: [0.62, 0.82]

ITR pre-radiomics model
AUC: 0.63±0.06, 95% CI: [0.50, 0.74]

ITR pre-radiomics model
AUC: 0.60±0.07, 95% CI: [0.45, 0.73]

ITR pre-radiomics model
AUC: 0.59±0.08, 95% CI: [0.43, 0.74]

PTR pre-radiomics model
AUC: 0.57±0.06, 95% CI: [0.46, 0.68]

PTR pre-radiomics model
AUC: 0.56±0.06, 95% CI: [0.46, 0.68]

PTR pre-radiomics model
AUC: 0.59±0.07, 95% CI: [0.46, 0.73]

Training cohort lnternal validation cohort External validation cohort
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

IPTR pre-radiomics model
AUC: 0.62±0.06, 95% CI: [0.50, 0.73]

IPTR pre-radiomics model
AUC: 0.59±0.09, 95% CI: [0.41, 0.76]

IPTR pre-radiomics model
AUC: 0.62±0.09, 95% CI: [0.45, 0.78]

A B C

Figure 2 ROC curves of the established models in the training (A), internal validation (B), and external validation (C) cohorts. RECIST, 
response evaluation criteria in solid tumors version 1.1; ITR, intratumoral region; PTR, peritumoral region; IPTR, combined intratumoral 
and peritumoral region; AUC, area under the curve; CI, confidence interval; ROC, receiver operating characteristic curve.

The quantitative metrics detailed in Table 3 further 
support that delta-radiomics models outperform the 
RECIST model in distinguishing responders from non-
responders. The comparison of the AUCs between the 
pre-radiomics and delta-radiomics models, as shown in 

Table 4, highlights that multiple-time series models offer 
superior performance compared with single-time point 
models. Specifically, delta-radiomics models for ITR, 
PTR, and IPTR all demonstrated statistically significant 
improvements in AUCs over pre-radiomics models in all 
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Table 2 The AUC values with 95% CI of the established models 
and comparison of AUCs among different models in the training, 
internal validation, and external validation cohorts

Models AUC (95% CI) P value

Training cohort

RECIST model 0.73 (0.64–0.80) –

ITR delta-radiomics model 0.86 (0.78–0.93) <0.001*

PTR delta-radiomics model 0.85 (0.76–0.92) <0.001*

IPTR delta-radiomics model 0.89 (0.81–0.96) <0.001*

Internal validation cohort

RECIST model 0.73 (0.63–0.83) –

ITR delta-radiomics model 0.85 (0.74–0.94) 0.006*

PTR delta-radiomics model 0.81 (0.68–0.92) 0.12

IPTR delta-radiomics model 0.83 (0.71–0.93) 0.045*

External validation cohort

RECIST model 0.73 (0.62–0.82) –

ITR delta-radiomics model 0.84 (0.71–0.94) 0.02*

PTR delta-radiomics model 0.83 (0.71–0.93) 0.09

IPTR delta-radiomics model 0.86 (0.78–0.94) 0.02*

A P value less than 0.05 (marking with *) indicates statistically 
significant AUC differences between the RECIST model and 
compared models. RECIST, response evaluation criteria in solid 
tumors version 1.1; ITR, intratumoral region; PTR, peritumoral 
region; IPTR, combined intratumoral and peritumoral region; 
AUC, area under the curve; CI, confidence interval.

Table 3 The performance of the established models in terms of accuracy, weighted precision, weighted recall, and weighted F1-score in the 
training, internal validation, and external validation cohorts

Models Accuracy Weighted precision Weighted recall Weighted F1-score

Training cohort

RECIST model 0.77 0.60 0.77 0.68

ITR delta-radiomics model 0.83 0.83 0.83 0.81

PTR delta-radiomics model 0.79 0.81 0.79 0.80

IPTR delta-radiomics model 0.90 0.90 0.90 0.90

Internal validation cohort

RECIST model 0.75 0.56 0.75 0.64

ITR delta-radiomics model 0.75 0.72 0.75 0.72

PTR delta-radiomics model 0.76 0.82 0.76 0.78

IPTR delta-radiomics model 0.79 0.79 0.79 0.79

External validation cohort

RECIST model 0.75 0.56 0.75 0.64

ITR delta-radiomics model 0.79 0.78 0.79 0.76

PTR delta-radiomics model 0.82 0.84 0.82 0.83

IPTR delta-radiomics model 0.84 0.83 0.84 0.83

RECIST, response evaluation criteria in solid tumors version 1.1; ITR, intratumoral region; PTR, peritumoral region; IPTR, combined 
intratumoral and peritumoral region.

cohorts.
Figure 3 shows the DCA of the established models in all 

cohorts. The delta-radiomics models consistently showed 
better clinical utility than both the RECIST model and the 
pre-radiomics models did. The calibration performance of 
the delta-radiomics models is further illustrated in Figure 4,  
where low Brier scores indicate good calibration with 
minimal prediction error.

Figure 5 shows the KM survival curves for PFS from the 
delta-radiomics models. The high-risk groups identified 
by these models exhibited significantly worse PFS than the 
low-risk groups across all cohorts did, underscoring the 
models’ effectiveness in stratifying patients on the basis of 
their likelihood of responding to immunotherapy.

Interpretability of the prediction model

Figure 6A,6B illustrates the differential expression of delta-
radiomics features between responders and non-responders 
for both ITR and PTR. The analysis revealed significant 
variations in feature values, highlighting the potential of 
these features in distinguishing between patient groups. 
Figure 6C displays the SHAP beeswarm summary plot for the 
IPTR delta-radiomics model. This plot offers a global view 
of the relationship between delta-radiomics feature values 
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Table 4 The AUC values with 95% CI of the radiomics models and comparison of AUCs among different models in the training, internal 
validation, and external validation cohorts

Models
Training cohort Internal validation cohort External validation cohort

AUC (95% CI) P value AUC (95% CI) P value AUC (95% CI) P value

ITR pre-radiomics model 0.63 (0.50–0.74) – 0.60 (0.45–0.73) – 0.59 (0.43–0.74) –

ITR delta-radiomics model 0.86 (0.78–0.93) 0.001* 0.85 (0.74–0.94) 0.01* 0.84 (0.71–0.94) 0.02*

PTR pre-radiomics model 0.57 (0.46–0.68) – 0.56 (0.46–0.68) – 0.59 (0.46–0.73) –

PTR delta-radiomics model 0.85 (0.76–0.92) <0.001* 0.81 (0.68–0.92) 0.002* 0.83 (0.71–0.93) 0.003*

IPTR pre-radiomics model 0.62 (0.50–0.73) – 0.59 (0.41–0.76) – 0.62 (0.45–0.78) –

IPTR delta-radiomics model 0.89 (0.81–0.96) <0.001* 0.83 (0.71–0.93) 0.048* 0.86 (0.78–0.94) 0.02*

A P value less than 0.05 (marking with *) indicates statistically significant AUC differences between the pre-radiomics model and delta-
radiomics model. ITR, intratumoral region; PTR, peritumoral region; IPTR, combined intratumoral and peritumoral region; AUC, area under 
the curve; CI, confidence interval.
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Figure 3 Decision curve analysis of the established models in the training (A), internal validation (B), and external validation (C) cohorts. 
RECIST, response evaluation criteria in solid tumors version 1.1; ITR, intratumoral region; PTR, peritumoral region; IPTR, combined 
intratumoral and peritumoral region.

Figure 4 The calibration curves of the ITR delta-radiomics model (A), PTR delta-radiomics model (B), and IPTR delta-radiomics model (C) 
in the training, internal validation, and external validation cohorts. ITR, intratumoral region; PTR, peritumoral region; IPTR, combined 
intratumoral and peritumoral region.
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P<0.001 P=0.009 P<0.001

P<0.001 P<0.001 P=0.001

P<0.001 P=0.041 P<0.001

Figure 5 Kaplan-Meier survival curves for PFS of the delta-radiomics models in the training, internal validation, and external validation 
cohorts. ITR, intratumoral region; PTR, peritumoral region; IPTR, combined intratumoral and peritumoral region; PFS, progression-free 
survival.

and the predicted probabilities. It visually demonstrates how 
variations in feature values correlate with the likelihood of 
predicting immunotherapy response, either positively or 
negatively. This interpretability enhances the understanding 
of how specific features impact model predictions and 
supports the clinical applicability of delta-radiomics models. 
The SHAP analysis, presented in Figure 6D, identified the 
importance of individual delta-radiomics features in the 
IPTR delta-radiomics model. Out of the six optimal features, 
five were found to have substantial influence on the model’s 
performance, providing insights into their contributions as 

input variables.

Discussion

Immunotherapy represents a significant advancement in the 
treatment of advanced NSCLC, particularly for patients 
without targetable genetic mutations (1). Despite its potential 
benefits, including improved survival and durable responses 
compared with those of chemotherapy, immunotherapy 
still yields low response rates and a risk of immunotoxicity. 
Consequently, identifying reliable, noninvasive biomarkers to 
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radiomics features on the IPTR model output: (C) SHAP beeswarm summary plot and (D) SHAP bar graph. *, P<0.05; ****, P<0.0001. 
ITR, intratumoral region; PTR, peritumoral region; IPTR, combined intratumoral and peritumoral region; SHAP, SHapley Additive 
exPlanations.

predict treatment response is crucial for optimizing patient 
selection and therapeutic outcomes.

In this two-center study, we investigated a CT-based 
radiomics method to predict immunotherapy response for 
the purpose of optimizing patient selection. We compared 
the predictive value of single-time point radiomics features 
with that of delta-radiomics features, which incorporate 

short-term radiomics feature changes during ICI treatment 
(21,22). Our results showed that models based on 
multiple time series (delta-radiomics models) significantly 
outperformed single-time point models. Specifically, in the 
internal and external validation cohorts, the ITR delta-
radiomics model had AUCs of 0.85 and 0.84, the PTR 
delta-radiomics model had AUCs of 0.81 and 0.83, and 
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the IPTR delta-radiomics model had AUCs of 0.83 and 
0.86. These results highlight a marked improvement over 
the corresponding pre-radiomics models, which had AUC 
values ranging from 0.56–0.62 in the internal and external 
validation cohorts.

CT radiomics features, including tumor-infiltrating 
CD8+ T cells, somatic mutations, histopathologic grading, 
and metabolism, have been previously linked to clinical 
outcomes and tumor biology (27-29). Our study builds 
on these findings by showing that dynamic changes in 
radiomics features, captured through delta-radiomics, 
enhance prediction accuracy and provide valuable 
prognostic information. Compared with the RECIST 
model (30), which focuses solely on changes in tumor size, 
delta-radiomics models offer superior performance and 
clinical utility in predicting immunotherapy response. This 
is evident from the improved AUCs, quantitative metrics, 
and DCA, which collectively indicate superior prediction 
performance and clinical utility of delta-radiomics models. 
Among the three delta-radiomics models, the ITR and 
IPTR models showed nearly identical performance, which 
was slightly better than that of the PTR model. KM 
analysis further supported these findings, showing that 
high-risk groups defined by the delta-radiomics models had 
significantly worse PFS than low-risk groups did.

An important aspect of our study is the integration of 
explainability into the prediction models. By utilizing SHAP, 
we provided insight into how specific delta-radiomics 
features influence model predictions. SHAP analysis 
revealed that several key features had a significant impact 
on model performance, offering a deeper understanding 
of the relationship between radiomics features and 
immunotherapy response. The outcome indicates the 
robustness of the feature selection process in prioritizing 
biologically relevant and clinically meaningful predictors 
while minimizing confounding or irrelevant trends. This 
transparency not only validates the model’s predictions 
but also helps clinicians interpret the factors contributing 
to individual patient outcomes, thereby supporting more 
informed decision-making in clinical practice.

However, there are some limitations in this study. 
First, patient selection bias and variations in imaging 
parameters among the two centers could affect model 
performance. This variability could impact the robustness 
of the model. Future studies should validate the model 
via diverse and larger datasets with standardized CT 
scanning protocols. Second, manual slice-by-slice tumor 
segmentation was performed manually, relying on 

radiologists’ subjective experience. Although intra- and 
inter-observer reproducibility were assessed, there is a 
need for robust, accurate, and fully automated 3D tumor 
segmentation algorithms to increase efficiency and reduce 
labor costs. Third, clinical variables including PD-L1 
expression levels and tumor stage was not incorporated 
into our model development and validation that might 
contribute to predicting immunotherapy response. Future 
work will focus on developing a clinical-radiomics fusion 
model by integrating CT radiomics features with clinical 
data, such as PD-L1 expression levels and tumor stage. 
Fourth, this study targeted the largest tumor lesion and 
overlooked potential impact from other tumor lesions on 
predicting immunotherapy response. Future studies should 
explore multi-lesion analyses to better account for intra-
tumor heterogeneity and dissociated response. Fifth, while 
the model developed in this study demonstrates promising 
potential, it is currently in the research phase and not yet 
validated for clinical use. Future work is required to expand 
the dataset, perform prospective validation, and further 
optimize the model.

Conclusions

In conclusion, we developed an explainable machine 
learning model based on the dynamic changes of radiomics 
features between pre- and post-treatment CT scans to 
predict the response to immunotherapy in advanced 
NSCLC patients. Our findings indicate that delta-radiomics 
features, which capture changes over time, provide superior 
predictive value compared with static pretreatment 
radiomics features and traditional tumor size measurements. 
This approach offers a promising tool for enhancing the 
accuracy of immunotherapy response predictions, thereby 
potentially improving patient selection and treatment 
outcomes.
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