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ABSTRACT	 Objective: This study aimed to develop and validate a temporal radiomics model based on pre- and post-treatment CT scans for 
the preoperative prediction of pathologic complete response (pCR) in patients with resectable non-small cell lung cancer (NSCLC) 
undergoing neoadjuvant chemoimmunotherapy (NCI).
Methods: Data from 263 patients with resectable NSCLC who underwent NCI followed by curative surgery and had both pre- and 
post-treatment CT scans were retrospectively collected. Patients from one hospital were randomly divided into training and internal 
test sets at a 7:3 ratio, while patients from two other hospitals served as the external test set. Radiomics features were extracted from 
the CT scans at both timepoints and delta features capturing the temporal changes were calculated. Radiomics models based on 
different features were developed using the least absolute shrinkage and selection operator for feature selection, followed by logistic 
regression. Model performance was evaluated using the area under the curve (AUC).
Results: The radiomics model based on delta features yielded AUCs of 0.85, 0.76, and 0.72 in the training, internal test, and external 
test sets, respectively, which were superior to the radiomics models based on pre-treatment features (0.74, 0.66, and 0.62, respectively) 
and post-treatment features (0.80, 0.76, and 0.65, respectively). By integrating the optimal features from all three feature sources, the 
combined model achieved further improvements in performance, with AUCs of 0.89, 0.85, and 0.78, respectively, across the three 
sets.
Conclusions: A CT-based radiomics model incorporating temporal features from pre- and post-treatment scans shows favorable 
performance for the non-invasive preoperative estimation of pCR to NCI in patients with NSCLC.
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Introduction
Lung cancer remains one of the leading causes of cancer-
related mortality worldwide and continues to be a focus of 
global attention1,2. Non-small cell lung cancer (NSCLC) 
is the predominant subtype of lung cancer, accounting for 
approximately 85% of all lung cancer cases. Although surgical 
resection is the standard treatment for early-stage resectable 
NSCLC, the risks of recurrence and metastasis remain high in 
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patients undergoing surgery alone, resulting in relatively poor 
5-year survival rates3. Neoadjuvant chemotherapy has shown 
clinical benefits but a considerable proportion of patients still 
experience disease relapse or progression4.

With the rapid advances in immunotherapy, neoadjuvant 
chemoimmunotherapy has emerged as a promising ther-
apeutic strategy for NSCLC. By combining chemotherapy 
and immunotherapy prior to surgery, this approach aims to 
enhance anti-tumor immunity, shrink the tumor, improve the 
likelihood of achieving R0 resection, and eliminate micro-met-
astatic disease, thereby minimizing the risk of recurrence. 
Several studies have shown that neoadjuvant chemoimmu-
notherapy can improve pathologic complete response (pCR) 
rates, as well as progression-free and overall survival in 
patients with NSCLC5-7. Nevertheless, not all NSCLC patients 
benefit from this approach. Clinical trials have shown that 
only 17%–41% of patients achieve pCR5-11. Accurate preop-
erative prediction of pCR could help identify patients who 
may be candidates for a “wait-and-see” strategy, as has been 
explored in rectal and esophageal cancers. This approach may 
spare high-risk patients, such as those with poor physical sta-
tus or centrally located tumors requiring pneumonectomy, 
from unnecessary surgical intervention. In addition, extensive 
lymph node dissection might negatively affect prognosis fol-
lowing immunotherapy. Limiting the extent of dissection in 
patients achieving pCR may help preserve immune function 
and improve subsequent treatment outcomes.

Currently, pCR assessment relies on invasive tissue sampling 
and postoperative pathologic examination. However, tumor 
heterogeneity may limit the accuracy of biopsy specimens, 
which may not fully capture the overall treatment response. 
Imaging modalities, such as CT and PET, have a vital role as 
non-invasive alternatives in evaluating treatment response. 
Unlike pathologic examinations, these imaging modalities 
enable dynamic monitoring of tumor characteristics and 
their changes before and after treatment, thereby potentially 
reducing reliance on tissue sampling. Despite these features 
of imaging modalities, discrepancies between radiologic and 
pathologic assessments persist. For example, 33% of patients 
classified with stable disease and 73% with a partial response 
on radiologic imaging in the NADIM trial were shown to have 
achieved a pCR12. This finding underscores the need for a reli-
able method to bridge the gap between radiologic and patho-
logic evaluations.

Radiomics has shown considerable potential in predict-
ing treatment response in lung cancer13-15. For example, a 
study showed that radiomics features extracted from PET-CT 
achieved an AUC of 0.82 in predicting pCR after neoadjuvant 
chemoimmunotherapy, performing better than models using 
CT or PET alone14. In addition, Yang et al. reported that radi-
omics features extracted from pre- or post-treatment CT scans 
can be used to predict a pCR after neoadjuvant or conversion 
chemoimmunotherapy15. However, the value of temporal 

radiomics features from both pre- and post-treatment CT 
scans for pCR prediction has not been reported.

To this end, the current study aimed to develop and evalu-
ate a temporal CT-based radiomics model that incorporates 
pre-treatment features, post-treatment features, and the fea-
ture differences for the non-invasive preoperative predic-
tion of a pCR in NSCLC patients undergoing neoadjuvant 
chemoimmunotherapy.

Materials and methods
Study cohorts

This retrospective study was approved by the Ethics 
Committees of Tianjin Medical University Cancer Institute 
and Hospital (Hospital 1, BC20252896), Guangdong 
Provincial People’s Hospital (Hospital 2, KY202509302), and 
Zhejiang Cancer Hospital (Hospital 3, IRB2023951). Ethical 
approval was waived by the hospitals due to the retrospective 
nature of the study. Data were collected from 165 NSCLC 
patients treated at Hospital 1 between August 2018 and July 
2021 and from 127 patients treated at Hospitals 2 and 3. All 
patients underwent curative surgery following neoadjuvant 
chemoimmunotherapy. The patient inclusion criteria were as 
follows: (1) a confirmed diagnosis of NSCLC by endoscopic 
bronchoscopy or CT-guided needle biopsy; (2) clinical stage 
II–III disease based on the TNM classification; (3) receipt of 
neoadjuvant chemoimmunotherapy prior to surgery; and (4) 
availability of both pre- and post-treatment non-enhanced 
CT scans performed before surgery. The exclusion crite-
ria included the following: (1) poor-quality CT images; (2) 
absence of pre- or post-treatment CT scans; (3) tumor bound-
aries that were unclear or difficult to delineate; and (4) incom-
plete clinical or pathologic data. A detailed flowchart of the 
patient selection process is presented in Figure S1. Baseline 
clinical data collected prior to treatment included age, gender, 
smoking history, pathologic subtype, and clinical stage. The 
flowchart of study design is shown in Figure 1.

Neoadjuvant administration

All patients received a standardized neoadjuvant chemoim-
munotherapy regimen consisting of platinum-based chemo-
therapy combined with immune checkpoint inhibitors. The 
chemotherapy backbone typically included cisplatin, lobapla-
tin, nedaplatin, or carboplatin. Immunotherapy agents pri-
marily targeted the PD-(L)1 axis and included drugs, such 
as nivolumab, pembrolizumab, sintilimab, camrelizumab, 
tislelizumab, envafolimab, SHR-1701, durvalumab, penpuli-
mab, adebrelimab, and toripalimab. In addition, a small sub-
set of patients received non-PD-(L)1-based agents as part of 
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Figure 1  Flowchart of the study design. Tumors from non-small cell lung cancer (NSCLC) patients who underwent neoadjuvant chemo-
immunotherapy were segmented on pre- and post-treatment CT scans. Radiomics features were extracted separately from the pre- and 
post-treatment images and delta-radiomics features were calculated as the relative change between them. These features were used to build 
three models including pre-treatment, post-treatment, and delta-radiomics models. The optimal features from each model were integrated 
to develop a combined model. All models were evaluated on internal and external test sets using the area under the curve and decision curve 
analysis to predict pathologic complete response (pCR). SEN and SPE represent sensitivity and specificity, respectively.
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combination regimens, including bevacizumab, ipilimumab, 
and IBI110. Immunotherapy was administered every 3 weeks 
and surgical resection was performed within 4–6 weeks after 
completion of neoadjuvant therapy. The specific drug regi-
men, number of treatment cycles, and timing of surgery were 
individualized based on multidisciplinary team discussions, 
which accounted for the clinical status and treatment response 
of the patient.

Definition of pathologic complete response

Two pathologists independently evaluated treatment response 
on pathologic sections. The evaluation was performed in 
accordance with the IASLC guidelines16, which define pCR as 
the absence of viable tumor cells in the primary tumor bed 
and regional lymph nodes. Any discrepancies between the 
two assessments were resolved by joint review and consensus 
discussion.

CT acquisition

Non-enhanced CT scans were acquired using GE Discovery 
CT750 HD, GE LightSpeed 16, and GE LightSpeed 8 scan-
ners (GE Healthcare, Chicago, IL, USA); Siemens Somatom 
Sensation 64 (Siemens Healthineers, Erlangen, Bavaria, 
Germany); Philips Brilliance iCT 256 (Philips Healthcare, 
Best, North Brabant, the Netherlands); and United Imaging 
uCT 760 (United Imaging Healthcare, Shanghai, Shanghai, 
China). The scanning range extended from the lung apex-
to-below the diaphragm. The tube voltage was set at 120 kV 
and the tube current was automatically modulated. Images 
were reconstructed with a slice thickness of 1.25 mm using 
the Stnd and Lung reconstruction kernels for the GE CT sys-
tems. In contrast, a 1.0- or 1.5-mm slice thickness with B70f, 
B30, and B31f reconstruction kernels was used for the Siemens 
CT scanner. The Philips CT scanner applied a slice thickness 
of 1 mm with B, C, YA, and YB reconstruction kernels and 
the United Imaging CT scanner utilized the B_SHARP_C 
reconstruction kernel with a slice thickness of 1 mm. The soft 
kernels included B30, B31f, Stnd, B, and C, whereas the hard 
kernels included B70f, Lung, YA, YB, and B_SHARP_C.

Tumor annotation and radiomics feature 
extraction

Tumors were semi-automatically delineated using 3D Slicer 
(version 5.6.2; Surgical Planning Laboratory, Brigham and 
Women’s Hospital, Boston, MA, USA) by two radiologists, 
each with > 10 years of experience. A senior radiologist 
reviewed and manually refined the delineations on both 

pre- and post-treatment CT scans after the initial segmenta-
tion. Both radiologists were blinded to the clinical and patho-
logic patient information.

Radiomics features were automatically extracted using 
PyRadiomics (version 3.0.1; Computational Imaging and 
Bioinformatics Lab, Brigham and Women’s Hospital, Boston, 
MA, USA) from the segmented tumor regions on the origi-
nal and a series of filtered images. The applied filters included 
wavelet, Laplacian of Gaussian, gradient, logarithm, square, 
square root, exponential, and local binary pattern (lbp) fil-
ters in two- and three-dimensional forms. These filters are 
commonly used to highlight different aspects of the image. 
For example, wavelet transforms decompose the image into 
multiple frequency components, capturing both spatial and 
frequency information. The Laplacian of Gaussian filter 
enhances fine edges and subtle boundaries. The gradient filter 
emphasizes intensity transitions, while the logarithm, square, 
square root, and exponential filters modify intensity distribu-
tions to reveal additional contrast. Local binary pattern filters 
extract local texture patterns and are particularly useful for 
quantifying tissue heterogeneity. By applying these filters, var-
ious transformed versions of the original image are generated, 
enabling the extraction of complementary features that may 
not be visible on the unprocessed images.

Radiomics features were extracted and categorized into 
first-order statistics and shape- and texture-based features 
from the original and filtered images. The first-order feature 
class contains 19 types of features that describe the overall dis-
tribution of voxel intensities. Shape-based features quantify the 
size, shape, and surface characteristics of the tumor, includ-
ing 16 three-dimensional and 10 two-dimensional feature 
types. Texture-based features reflect the spatial arrangement 
and relationships of voxel intensities, providing insight into 
tumor heterogeneity. These features were derived from multi-
ple statistical matrices, including 24 feature types from the gray 
level co-occurrence matrix (GLCM), 16 from the gray level 
run length matrix (GLRLM), 16 from the gray level size zone 
matrix (GLSZM), 14 from the gray level dependence matrix 
(GLDM), and 5 from the neighboring gray tone difference 
matrix (NGTDM). Each matrix captures different aspects of 
texture, such as uniformity, granularity, and spatial complexity. 
Detailed computational formulas for the features are available 
at https://pyradiomics.readthedocs.io/en/latest/features.html.

All CT scans were resampled to an isotropic voxel size of 1 × 
1 × 1 mm3 before feature extraction to enhance the robustness 
of the radiomics features. Radiomics features of 30 cases were 
randomly selected for consistency assessment to ensure fea-
ture reproducibility using the intraclass correlation coefficient. 
Intra- and inter-observer segmentations were independently 
performed by two radiologists on the same subset of cases to 
ensure feature reproducibility. Features with an intraclass cor-
relation coefficient > 0.75 were considered stable and included 
in the subsequent analysis17.

https://pyradiomics.readthedocs.io/en/latest/features.html
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Delta-radiomics features

Radiomics features were independently extracted at each time 
point for patients with pre- and post-treatment CT scans. Delta-
radiomics features were calculated as the relative change from 
pre- to post-treatment and defined as the difference between 
post- and pre-treatment values normalized by the pre-treatment 
value. Similarly, to verify the reproducibility of delta features 
derived from pre- and post-treatment scans, the same 30 cases 
were evaluated by calculating the intraclass correlation coeffi-
cient between the initial segmentation and the segmentation 
performed 1 month later. The delta features with a coefficient 
> 0.75 were considered stable and retained for further analysis.

Radiomics model development

Four radiomics models were developed based on different fea-
ture sources, including pre-treatment, post-treatment, delta, 
and a combined set of optimal features drawn from all three 
feature sources. All data were standardized using Z-score 
normalization before model development to minimize bias 
caused by differences in feature scales. Feature selection was 
carried out in four sequential steps. First, features with an intr-
aclass correlation coefficient < 0.75 were excluded to ensure 
reliability. Second, features not significantly associated with 
the outcome were removed using one-way analysis of variance 
(ANOVA) with a threshold of 0.2. Third, Spearman correla-
tion analysis was performed to reduce redundancy and 1 was 
retained when the correlation between 2 features exceeded 
0.7. Finally, the least absolute shrinkage and selection operator 
(LASSO) method with 10-fold cross-validation was applied 
to identify the most predictive features. The final model for 
predicting pCR was built using weighted binary logistic 
regression with backward selection. Class weights were auto-
matically adjusted inversely to the frequencies to address class 
imbalance. Accordingly, classes with larger sample sizes were 
assigned smaller weights, whereas classes with smaller sample 
sizes were assigned larger weights.

Model interpretability

The Shapley additive explanations (SHAP) method was 
applied to improve interpretability of the radiomics model18. 
The SHAP method was used to analyse the contribution of 
each radiomic feature within the model, providing a visual 
representation of how features influence the prediction out-
come. A positive value indicates an increase in the predicted 
probability, while a negative value indicates a decrease. This 
method allows for evaluation of the overall relevance of each 
feature and the role in individual predictions.

Statistical analysis

Statistical analyses were performed using Python (version 
3.10.11; Python Software Foundation, Wilmington, DE, 
USA) and R (version 4.4.2; R Foundation for Statistical 
Computing, Vienna, Austria). Categorical variables were 
compared between different patient groups using a chi-
squared test. An independent t-test or Kruskal–Wallis H 
test was applied for continuous variables depending on 
data distribution19-21. Model performance was assessed by 
comparing the area under the curve (AUC), sensitivity, and 
specificity. The optimal classification threshold was identi-
fied by maximizing the sum of the sensitivity and specificity. 
Sensitivity was defined as the proportion of true positives 
among all actual positives at this threshold and specificity 
was defined as the proportion of true negatives among all 
actual negatives. The DeLong test was used to evaluate sta-
tistical differences in AUCs between models22. Boxplots of 
predicted probabilities for pCR across radiomics models 
were generated and group differences between pCR and non-
pCR cases were assessed using the Mann–Whitney U test. 
The clinical value of the model was evaluated using decision 
curve analysis by assessing the net benefit across a range of 
threshold probabilities. A two-sided P value < 0.05 was con-
sidered statistically significant.

Results
Patient characteristics

A total of 263 patients who met the inclusion and exclusion 
criteria were enrolled in the study. Data from 153 patients at 
Hospital 1 were randomly divided into training and test sets in 
a 7:3 ratio, while the remaining 110 patients from Hospitals 2 
and 3 served as the external test set. The clinical characteristics 
of patients in sets are summarized in Table 1. The majority of 
patients in the training, internal, and external test sets were 
male, accounting for 82.1%, 87.2%, and 89.1% of patients, 
respectively. A large proportion of patients in the training 
(80.2%) and internal test sets (89.4%) had a history of cigarette 
smoking compared to 62.7% in the external test set. Squamous 
cell carcinoma was the predominant pathologic subtype 
(72.6% of patients in the training set, 74.5% in the internal 
test set, and 66.4% in the external test set). Clinical stage III 
tumors were observed in 56.6% of patients in the training set, 
53.2% in the internal test set, and 65.5% in the external test set. 
Most patients received anti-PD-1 or anti-PD-L1 therapy with 
rates of 92.5% in the training set, 87.2% in the internal test set, 
and 100% in the external test set. A pCR was achieved in 47.2% 
of patients in the training set, 46.8% in the internal test set, and 
35.5% in the external test set.
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Pre-treatment radiomics model

Three features were selected for the model based on radiom-
ics features extracted from pre-treatment CT scans through a 
sequential process involving ANOVA, Spearman correlation 
analysis, LASSO regression, and binary logistic regression. 
The selected features were original_glcm_ClusterProminence, 
wavelet-HHL_firstorder_Skewness, and wavelet-HHL_glcm 
maximal correlation coefficient (MCC). The pre-treatment 
radiomics model achieved an AUC of 0.74 (95% CI: 0.65–0.84) 
in the training set, 0.66 (95% CI: 0.50–0.83) in the internal 
test set, and 0.62 (95% CI: 0.51–0.73) in the external test set. 
Sensitivity and specificity were 0.70 and 0.75 in the training 
set, 0.73 and 0.60 in the internal test set, and 0.62 and 0.58 in 
the external test set, respectively. Detailed model performance 
is shown in Figure 2. Model performance on external test sub-
sets from the two hospitals are shown in Tables S1 and S2.

Post-treatment radiomics model

Similarly, three radiomics features extracted from post-treat-
ment CT scans were shown to be predictive of pCR. The 

selected features included log-sigma-5-0-mm-3D_glcm_
MCC, original_shape_Flatness, and lbp-3D-m1_firstorder_
Skewness. The post-treatment radiomics model yielded an 
AUC of 0.80 (95% CI: 0.71–0.88) in the training set, 0.76 (95% 
CI: 0.61–0.88) in the internal test set, and 0.65 (95% CI: 0.55–
0.75) in the external test set. The model showed a sensitivity of 
0.78 and a specificity of 0.71 in the training set. Sensitivity and 
specificity were 0.91 and 0.52 for the internal test set, respec-
tively, while the sensitivity was 0.56 and the specificity was 
0.63 in the external test set.

Delta-radiomics model

Five features were selected by ANOVA, Spearman correla-
tion analysis, LASSO regression, and binary logistic regres-
sion when using delta-radiomics features derived from 
pre-treatment and post-treatment CT scans.These fea-
tures included wavelet-HLL_ngtdm_Strength, log-sigma- 
1-0-mm-3D_glrlm_ShortRunHighGrayLevelEmphasis, lbp-
3D-m2_firstorder_Median, log-sigma-5-0-mm-3D_glrlm_ 
GrayLevelNonUniformityNormalized, and original_shape_
Flatness. The delta-radiomics model achieved AUCs of 0.85 

Table 1  Patient characteristics in the training and test sets

Variables Training set (n = 106) Internal test set (n = 47) External test set (n = 110)

Non-pCR (n = 56) pCR (n = 50) P value Non-pCR (n = 25) pCR (n = 22) P value Non-pCR (n = 71) pCR (n = 39) P value

Age (years) 58.73 ± 6.91 62.06 ± 6.10 0.010 62.20 ± 6.51 62.36 ± 7.73 0.938 62.2 ± 9.0 65.4 ± 7.2 0.092

Gender 0.320 0.252 0.053

  Male 44 (78.6%) 43 (86.0%) 20 (80.0%) 21 (95.5%) 60 (84.5%) 38 (97.4%)

  Female 12 (21.4%) 7 (14.0%) 5 (20.0) 1 (4.5%) 11 (15.5%) 1 (2.6%)

Smoking history 0.156 0.426 0.669

  No 14 (25.0%) 7 (14.0%) 4 (16.0%) 1 (4.5%) 28 (39.4%) 13 (33.3%)

  Yes 42 (75.0%) 43 (86.0%) 21 (84.0%) 21 (95.5%) 43 (60.6%) 26 (66.7%)

Pathology < 0.001 0.278 0.794

  Non-SCC 25 (44.6%) 4 (8.0%) 8 (32.0%) 4 (18.2%) 25 (35.2%) 12 (30.8%)

  SCC 31 (55.4%) 46 (92.0%) 17 (68.0%) 18 (81.8%) 46 (64.8%) 27 (69.2%)

ICIs 1.000 1.000 1.000

  Anti-PD-(L)1 52 (92.9%) 46 (92.0%) 22 (88.0%) 19 (86.4%) 71 (100.0%) 39 (100.0%)

  Non-PD-(L)1 4 (7.1%) 4 (8.0%) 3 (12.0%) 3 (13.6%) 0 (0.0%) 0 (0.0%)

Clinical stage 0.784 0.447 0.683

  II 25 (44.6%) 21 (42.0%) 13 (52.0%) 9 (40.9%) 26 (36.6%) 12 (30.8%)

  III 31 (55.4%) 29 (58.0%) 12 (48.0%) 13 (59.1%) 45 (63.4%) 27 (69.2%)

SCC, ICIs, PD-1, and PD-L1 refer to squamous cell carcinoma, immune checkpoint inhibitors, programmed cell death protein 1, and 
programmed death-ligand 1, respectively.
P < 0.05 was considered statistically significant.



Cancer Biol Med Vol xx, No x Month 2026� 7

(95% CI: 0.77–0.91), 0.76 (95% CI: 0.60–0.90), and 0.72 (95% 
CI: 0.62–0.82) in the training, internal test, and external test 
sets, respectively. The corresponding sensitivities were 0.78, 
0.68, and 0.64, respectively, and the specificities were 0.84, 
0.48, and 0.66, respectively.

Combined radiomics model

A combined model incorporating the optimal features 
from the three aforementioned models was also devel-
oped. The selected radiomics features included log-sigma- 
5-0-mm-3D_glrlm_GrayLevelNonUniformityNormalized_
delta, original_shape_Flatness_posttreatment, lbp-3D-m1_ 
firstorder_Skewness_posttreatment, original_glcm_Cluster- 

Prominence_pretreatment, log-sigma-1-0-mm-3D_glrlm_
ShortRunHighGrayLevelEmphasis_delta, and wavelet-HLL_
ngtdm_Strength_delta. The combined model achieved an 
AUC of 0.89 (95% CI: 0.82–0.94) in the training set, 0.85 
(95% CI: 0.74–0.95) in the internal test set, and 0.78 (95% 
CI: 0.69–0.86) in the external test set. The combined model 
showed significantly improved performance in the training, 
internal test, and external test sets compared to the pre-treat-
ment model (P = 0.004, P = 0.040, and P = 0.018, respec-
tively). In contrast, no significant differences were detected 
between the combined and delta-radiomics models in the 
internal and external test sets (P = 0.256 and 0.182, respec-
tively). A sub-analysis stratifying the data by manufacturer, 
reconstruction kernel type, and slice thickness to evaluate the 
combined model performance is provided in Tables S3–S5.
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Probability distributions

Boxplots of predicted probabilities for pCR across four radi-
omics models are displayed in Figure 3. The figure shows that 
the predicted probabilities for pCR were significantly higher 
in the post-treatment, delta, and combined models than for 
non-response in the training, internal test, and external test 
sets.

Decision curve analysis

The clinical usefulness of the predictive models was evaluated 
using decision curve analysis (Figure 4). The combined model 

showed a net clinical benefit when the threshold probability 
ranged between 0.12 and 0.55 in the training, internal, and 
external test sets compared to the treat-all and -none strate-
gies, indicating that the model possesses a relatively broad 
clinical utility. The combined model provided a higher net 
benefit at a threshold probability of 0.25 compared to the other 
models in all three sets.

Model interpretability with the SHAP method

The SHAP values were computed for the selected radiomic 
features in the four radiomics models. The SHAP feature 
importance plots present the features in descending order 
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based on the average contribution to the model output, as 
shown in Figure 5. Features toward the top of the plot tended 
to have a greater influence on the prediction. The original_
glcm_ClusterProminence, lbp-3D-m1_firstorder_Skewness, 
wavelet-HLL_ngtdm_Strength, and original_shape_Flatness_
posttreatment features were identified as having the strongest 
impact on the pCR prediction in the pre-treatment, post-
treatment, delta, and combined models, respectively. Figure 
6 displays the SHAP summary plots, which illustrate the over-
all influence of individual features on the model prediction 
of pCR. Positive SHAP values are associated with a higher 
predicted probability of pCR, while negative values suggest 
a lower predicted probability. The magnitude of each SHAP 
value reflects the extent to which a feature contributed to the 
prediction for a given case.

SHAP waterfall plots were generated for two patients ran-
domly selected from the combined model to illustrate indi-
vidual-level interpretability, as shown in Figure 7. A large 

change in wavelet-HLL_ngtdm_Strength between pre- and 
post-treatment scans may reflect tumor shrinkage in the left 
plot, which could have contributed positively to the prediction 
of a pCR. In contrast, the right plot shows minimal variation 
in wavelet-HLL_ngtdm_Strength, suggesting limited change 
in tumor size or boundary characteristics following treatment. 
The original_shape_Flatness_posttreatment exhibited a rela-
tively large negative influence in the right plot, indicating that 
the lesion with a more spherical post-treatment shape were 
associated with a lower probability of achieving a pCR.

Discussion
A pCR is regarded as a short-term endpoint for evaluat-
ing the efficacy of neoadjuvant chemoimmunotherapy in 
NSCLC. Given the variability in pCR rates among patients, 
accurate preoperative identification of individuals who may 
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achieve a pCR could help avoid unnecessary treatment and 
facilitate more personalized therapeutic planning. To this 
end, a radiomics-based model utilizing longitudinal CT 
imaging was developed to predict a pCR. The experimental 
results showed that the combined model, which integrated 
temporal features extracted from pre- and post-treatment 
scans and the differences, achieved good AUCs of 0.89, 0.85, 
and 0.78 in the training, internal test, and external test sets, 
respectively.

Radiomics enables comprehensive and non-invasive char-
acterization of tumor features from different CT scans dur-
ing the treatment course of NSCLC. In this study radiomics 
features extracted from pre- and post-treatment CT scans, 
the differences between these features, and the combined 
optimal features for predicting a pCR were investigated. 
The post-treatment model outperformed the pre-treatment 
model. This finding may be attributed to an ability of the 
post-treatment model to capture morphologic and textural 
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alterations induced by neoadjuvant chemoimmunother-
apy, such as necrosis and fibrosis. In contrast, pre-treatment 
features primarily reflected the intrinsic heterogeneity and 
structural complexity of tumors at baseline, which may be 

less predictive of a pCR after neoadjuvant chemoimmuno-
therapy compared to post-treatment characteristics. A sim-
ilar trend in model performance has also been reported in 
previous studies utilizing both pre- and post-treatment CT 
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features for treatment response15,23. In addition, we calcu-
lated the feature change between pre- and post-treatment 
imaging to build the delta-radiomics model. The model also 

showed better performance than the pre-treatment model, 
which suggests that the dynamic transformation of tumor 
phenotype may serve as a powerful surrogate for treatment 
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efficacy. This finding can be the reason that the selected 
delta radiomic features may capture biologically relevant 
temporal alterations, such as heterogeneity, immune infiltra-
tion, and tumor microenvironment. Furthermore, the com-
bined model, which integrates features from pre-treatment, 
post-treatment, and delta scans, achieved the best overall 
performance, indicating that these feature sets provide com-
plementary information for pCR prediction.

The performance of the combined model was comparable to 
the performance reported in other studies focusing on the pre-
diction of a pCR in NSCLC following neoadjuvant chemoim-
munotherapy. Ye et al. developed a deep learning model using 
non-enhanced and contrast-enhanced pre-treatment CT scans 
for patients with stage IB–III NSCLC24. The model achieved 
AUCs of 0.76 and 0.80 on the test set using non-enhanced 
and enhanced scans, respectively. When both scan types were 
combined as input, the AUC improved to 0.87, highlighting 
the value of multimodal CT fusion. Despite the promising 
results, the approach was limited in patients with contraindi-
cations to contrast agents. In contrast, our combined model 
relied solely on non-enhanced CT images and still achieved 
an AUC of 0.85 for predicting a pCR. Furthermore, Yang et al. 
developed a radiomics model based on PET and CT imaging 
for stage IB–IIIB NSCLC, achieving an AUC of 0.82 in the test 
set14. The good performance might be attributed to the fact 
incorporation of tumor metabolic activity, which is relevant 
for predicting a pathologic response25. However, PET imag-
ing is costly and not routinely available in all clinical settings. 
Notably, the CT-based method utilized in the current study 
is more cost-effective and feasible for widespread clinical use.

There were some limitations in this study. First, due to the 
retrospective nature of this study, selection bias may have 
occurred. Further prospective research is warranted to con-
firm the utility of the model in clinical practice. Second, the 
study primarily focused on predicting a pCR in stage II–III 
NSCLC patients undergoing surgical resection following 
neoadjuvant chemoimmunotherapy. Incorporating stage I 
NSCLC cases in future models may be valuable for supporting 
clinical decision-making and facilitating more personalized 
treatment planning for a broader patient population. Third, 
this study only considered radiomics features extracted from 
pre- and post-treatment CT scans. In addition to imaging data, 
incorporating complementary information, such as biochem-
ical indicators, genomic profiling, and pathology-derived 
features, may also be valuable for predicting a pCR or other 

endpoints26,27. However, these data were not available in the 
present study. We plan to collect such information in a corol-
lary study to further improve model performance and broaden 
the clinical applicability. Fourth, our study was limited by the 
small sample size for model development. Nevertheless, the 
model yielded an AUC of 0.85 for pCR prediction, which may 
offer preliminary insight into the potential predictive value of 
temporal radiomics features.

Conclusions
In conclusion, we developed a radiomics model that incorpo-
rated pre- and post-treatment features for the non-invasive 
preoperative prediction of pCR in NSCLC patients undergo-
ing neoadjuvant chemoimmunotherapy. The model shows 
potential for identifying patients who are likely to achieve pCR 
and supporting personalized treatment planning.
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