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Abstract
Objective

To evaluate the utility of whole lung radiomics for predicting pathological complete response (pCR) to
neoadjuvant immunotherapy in patients with non-small cell lung cancer (NSCLC). We further
investigated whether integrating whole lung radiomics with tumor-specific radiomics could enhance the
predictive performance for pCR.

Methods

Consecutive patients with stage II-11IB NSCLC who underwent neoadjuvant immunotherapy were
retrospectively enrolled between August 2018 and June 2025. The intra-tumoral and whole lung
radiomics features were extracted from baseline CT images. Radiomics models were constructed using
the LightGBM classifier. Model performance was assessed using receiver operating characteristic (ROC)
curve, and recurrence-free survival (RFS) outcomes were evaluated via Kaplan-Meier survival analysis.

Results

A total of 284 patients (median age [IQR], 62 [57-67] years; 239 men) were enrolled and subsequently
randomized into a training cohort (n = 199) and a test cohort (n = 85). Among them, 124 patients (43.7%)
achieved pCR after neoadjuvant immunotherapy. The combined model, which incorporates 6 tumor-
specific radiomics features, 3 whole lung derived radiomics features, and a clinical indicator (carcinoma
embryonic antigen, CEA), achieved areas under the curve (AUC) of 0.713 (95% CI: 0.600-0.827),
sensitivity of 83.3%, and specificity of 63.6% in the test cohort. Patients classified as low-risk group by
the combined model exhibited significantly prolonged RFS (log-rank P < 0.05).

Conclusion

The proposed whole lung radiomics approach demonstrates potential for predicting pCR to neoadjuvant
immunotherapy in NSCLC. The combined model has capability to predict therapeutic response and
prognosis prior to the initiation of neoadjuvant immunotherapy, enabling non-invasive personalized
prediction.

Introduction

In recent years, immune checkpoint inhibitors (ICls) have reshaped the treatment landscape for non-
small cell lung cancer (NSCLC). The integration of ICIs with conventional chemotherapy in neoadjuvant
chemoimmunotherapy regimens has yielded compelling clinical outcomes, as evidenced by substantial
tumor downstaging, increased RO resection rates, and a notable reduction in disease recurrence risks [1].
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Pathological complete response (pCR), defined as the absence of viable tumor cells in both the resected
primary tumor and sampled regional lymph nodes, has been validated as a reliable surrogate endpoint
for predicting survival benefits [2]. Several randomized controlled trials have reported encouraging pCR
rates, ranging from 24.8% to 37% for patients with NSCLC receiving neoadjuvant chemoimmunotherapy
[3, 4]. While these efficacy outcomes are promising, comprehensive treatment evaluation must also
consider safety profiles. Notably, the administration of ICls carries a potential risk of inducing immune-
related adverse events (irAEs) [5]. Therefore, there is an urgent imperative to develop individualized
predictive biomarkers capable of identifying patients who are likely to benefit from neoadjuvant
chemoimmunotherapy before treatment initiation.

Radiomics represents an advanced computational methodology that enables the non-invasive and
comprehensive analysis of high-dimensional medical imaging data, facilitating the extraction of a
substantial array of quantitative sub-visual features that lie beyond the discernment capabilities of
human vision. This innovative technique has been widely employed in the prediction and evaluation of
therapeutic efficacy for various tumor types, thereby demonstrating its extensive clinical utility [6—9].
Previous studies have confirmed that pretreatment radiomics features derived from tumor regions can
serve as potential biomarkers for predicting response to neoadjuvant chemoimmunotherapy in NSCLC
[10, 11]. These findings accentuate the escalating clinical relevance of radiomics in the field of oncology,
presenting a promising pathway for enhancing treatment decision-making through imaging-based
evaluations.

Chronic respiratory diseases, especially chronic obstructive pulmonary disease (COPD), have been
confirmed as a risk factor for the development of lung cancer. The coexistence of these two conditions,
known as lung cancer combined with COPD (LC-COPD), represents a clinically relevant and frequently
encountered comorbidity [12]. Emerging evidence suggests that patients with LC-COPD may derive
greater therapeutic benefits from immunotherapy, with improved survival outcomes compared to those
without underlying COPD [13-16]. The assessment of COPD through conventional CT imaging remains
challenging due to its poor consistency and subjective interpretation, which often leads to unreliable
diagnostic outcomes. A recent study demonstrated that CT-based whole lung radiomics analysis
exhibited optimal performance in identifying COPD [17], highlighting its potential as an objective and
quantitative tool. A multicenter study further demonstrated that whole lung radiomics features were
associated with overall survival in patients with locally advanced NSCLC treated with definitive
chemoradiotherapy [18], supporting their role in therapeutic efficacy evaluation in lung cancer. At
present, the utility of CT-based whole lung radiomics for predicting treatment response to neoadjuvant
immunotherapy in NSCLC remains unexplored.

We hypothesize that the quantitative extraction of imaging biomarkers from the entire lung parenchyma
may provide clinically relevant diagnostic insights, facilitating the detection of subtle radiological
patterns that may be associated with therapeutic outcomes. The aim of this study was to explore the
predictive utility of baseline whole lung radiomics in predicting treatment response to neoadjuvant
immunotherapy for NSCLC. Furthermore, we integrated whole lung radiomics with tumoral radiomics to
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develop a comprehensive predictive model to guide personalized therapeutic strategies for NSCLC
patients.

Materials and methods

Study cohort

This retrospective study was approved by the Institutional Review Board (Approval No. bc20260290),
and the requirement for written informed consent was waived. All data were processed in strict
compliance with HIPAA regulations. We anonymized the datasets by removing direct identifiers (names,
IDs) and performed data minimization, retaining only the variables necessary for the analysis. According
to the inclusion and exclusion criteria, a total of 284 patients with stage II-llIB NSCLC patients who
underwent curative surgery after neoadjuvant immunotherapy were enrolled between August 2018 and
June 2025 (Fig. 1, Supplementary Text 1). The patients were randomly allocated to the training cohort
and the test cohort in a 7:3 ratio. The whole study flow chart is shown in Fig. 2.

Clinical and pathological data were retrieved from the electronic medical record system, including
gender, age, smoking history, tumor size, histologic type, TNM stage, treatment regimen, treatment cycle,
lymph node status, and tumor burden. Laboratory data, including complete blood count and lung tumor
markers, obtained within two weeks prior to the initiation of neoadjuvant immunotherapy treatment, were
collected (Supplementary Text 2). The TNM stage was assessed according to the 9th edition of the
American Joint Committee on Cancer staging system [19].

All patients received neoadjuvant therapy that primarily consisted of ICIs (nivolumab, pembrolizumab, or
Atezolizumab), administered either as monotherapy or in combination with platinum-based
chemotherapy (cisplatin or carboplatin combined with paclitaxel or pemetrexed). The regimen was
delivered at 3-week intervals for a total of 2 to 5 cycles prior to surgical intervention. Surgical resection
was performed within 4 weeks following the completion of neoadjuvant immunotherapy.

Pathological assessments and follow-up

Pathological complete response (pCR) was defined as the absence of residual viable tumor in the tumor
bed (including primary tumor bed and sampled lymph nodes, ypTO and ypNO0). Based on postoperative
pathological findings, patients were stratified into either pCR or non-pCR group. Postoperative routine
follow-ups were performed at intervals of every 3 to 6 months during the first two years following
surgery, and every 6 to 12 months thereafter until death or the last follow-up date (January 15, 2026).
Chest CT examinations were performed during clinical visits or when disease recurrence was suspected.
For patients presenting with specific clinical symptoms, targeted imaging of the affected anatomical
sites was performed using the most appropriate imaging modalities. Recurrence-free survival (RFS) was
defined as the time from surgery to tumor recurrence or death from any cause [20, 21].
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CT image acquisition

All participants underwent CT examinations with the following equipment: GE Medical Systems
(Discovery CT750 HD, Optima 680 Expert, and Revolution EVO), Siemens (SOMATOM Definition AS + and
SOMATOM Drive), and Philips (IQon spectral CT). The imaging acquisition parameters were configured
as follows: reconstruction thicknesses of 1.25 mm or 1.5 mm, tube voltage of 120 kV, tube current of
150 to 200 mAs, and a matrix size of 512 x 512. Image acquisition was performed at the end-inspiratory
phase to minimize respiratory motion artifacts.

Image analysis

Tumor burden is quantified by calculating the sum of diameters for selected target lesions under
Response Evaluation Criteria in Solid Tumors (RECIST) guidelines [22]. The detailed methodology is as
follows: Target lesions are defined as measurable tumor lesions with the longest diameter =10 mm (on
CT scans with a slice thickness < 5 mm) and lymph nodes with the maximum short-axis diameter>15
mm. The number of target lesions is restricted to a maximum of 2 per organ and 5 in total across all
organs. Priority is given to selecting the largest, reproducibly measurable lesions covering all involved
organs.

Methods for assessing lymph node status are as follows: Traditional enlarged lymph nodes were defined
as measurable lymph nodes with the maximum short-axis diameter = 10 mm, whereas RECIST-defined
enlarged lymph nodes were defined as measurable lymph nodes with the maximum short-axis diameter
>15 mm [22].

ROl segmentation

To mitigate the influence of slice thickness on radiomics feature stability, all CT images were
isotropically resampled to a uniform 1T mm? voxel dimension using linear interpolation. The 3D slicer
software (v5.6.1; https://download.slicer.org) was used to manually delineate tumor regions of interest
(ROIs) slice-by-slice on axial CT images. Intra- and inter-observer variabilities were assessed using 30
randomly selected CT datasets. The segmentations were performed by an initial observer (X.T.C., with 5
years of experience) and repeated after 4 weeks for intra-observer analysis. For inter-observer analysis, a
second radiologist (J.Y.Y., with 3 years of experience) independently performed segmentation on the
same 30 cases. To ensure feature robustness, only those with an intraclass correlation coefficient (ICC)
> 0.75 were retained for subsequent analyses. Bilateral lung ROIs were initially segmented utilizing a
publicly available deep learning model (https://github.com/JoHof/lungmask), followed by manual
refinement by an experienced radiologist. The final whole lung ROI for radiomics analysis was obtained
by subtracting the primary tumor ROI from these refined bilateral lung ROls.

Radiomic features extraction and feature selection
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Radiomics features were extracted from both tumor and whole lung regions using FeAture Explorer (FAE,
version 0.5.16), an open-source software based on the PyRadiomics framework (Fig. S1). All radiomics
features were normalized using Z-score standardization. A four-step feature selection pipeline was
implemented to identify non-redundant radiomics features. Initially, preliminary feature screening was
conducted using either the Student’s t-test or the Mann-Whitney U test, depending on data distribution.
Features showing statistical significance (P < 0.05) were subsequently evaluated using Pearson
correlation analysis. For highly correlated feature pairs (correlation coefficient > 0.9), only one feature
was retained to mitigate multicollinearity. The Minimum Redundancy Maximum Relevance (MRMR)
algorithm was then applied to further refine the feature set by maximizing discriminatory power while
minimizing redundancy. Finally, the Least Absolute Shrinkage and Selection Operator (LASSO) method
was employed to identify the most predictive feature subset through rigorous feature selection.

Development of prediction models

Three radiomics models, including the primary tumor radiomics model (PT), the whole lung radiomics
model (WL), and the primary tumor plus whole lung radiomics model (PTWL), were constructed using
the LightGBM classifier with 10-fold cross-validation. The discriminative performance of the model was
evaluated using the receiver operating characteristic (ROC) curve, and the model exhibiting the highest
area under the curve (AUC) value on the test cohort was identified as the optimal model.

Statistical analysis

The statistical analyses were conducted using R software (v4.4.1, http://www.R-project.org) and SPSS
software (v27.0, IBM SPSS Statistics). To determine the minimal sample size required for the analysis,
the null hypothesis was set at an AUC of 0.50, and the alternate hypothesis at an AUC of 0.70, with a
desired statistical power of 90% [23]. Based on the group proportions of 37% for pCR and 63% for non-
pCR, the resulting minimal sample size was 90 participants, comprising 33 pCR cases and 57 non-pCR
cases. Categorical variables were compared using Pearson'’s x2 test or Fisher's exact test, whereas
continuous variables were analyzed using Student’s t-test or Mann—Whitney U test, depending on their
distribution characteristics. Variables with P < 0.05 in univariable analysis were included in the
multivariable logistic regression. Comparisons of AUC values were conducted using the DeLong test.
The calibration of the model was assessed with the Hosmer—Lemeshow test. Decision curve analysis
(DCA) was performed to assess the clinical utility of the model. To determine the incremental predictive
value, the integrated discrimination improvement (IDI) and net reclassification index (NRI) were
calculated at cutoffs of 0, 0.4, and 1, using the PredictABEL package (v1.2). Kaplan-Meier survival
analysis and log-rank tests were applied to evaluate differential survival outcomes between patients
achieving pCR and those with non-pCR. A two-sided P-value < 0.05 was considered statistically
significant.

Results
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Clinicopathological characteristics

Table 1 and 2 summarize the baseline characteristics of the 284 patients (median age [interquartile
range, IQR], 62 [57-67] years) enrolled in this study. There were no statistically significant differences
(P >0.05) in terms of clinicopathological features between the training cohort (n = 199) and the test
cohort (n = 85), which supports the comparability of the two cohorts for subsequent analyses. All
patients underwent curative surgical resection and pCR was achieved in 124 patients (43.7%) according
to postoperative histopathological results. Univariable analysis showed that histologic type and tumor
biomarkers—including CEA and Cyfra21-1—were significantly associated with pCR (all P < 0.05).
Multivariable analysis revealed that CEA was the independent risk factor for pCR (odds ratio [OR] 0.447
95% confidence interval [CI]: 0.209 - 0.956], P < 0.05) (Table S1). Moreover, the predictive performance of
the clinical model based on CEA for predicting pCR yielded an AUC of 0.597 in the training cohort and
0.559 in the test cohort, respectively (Fig. 3A-3B).

Radiomics feature selection

After eliminating 243 tumor radiomics features exhibiting poor repeatability (ICC < 0.75), feature
dimensionality reduction and selection procedures were performed. The tumor and whole lung radiomics
signatures were composed of 5 and 3 radiomics features, respectively. The integrated radiomics
signature, derived from the fusion of tumor-specific and whole lung radiomics features, retained a total
of 9 radiomics features, including 6 features extracted from the tumor region and 3 features derived from
the whole lung region. The detailed information is presented in Supplementary Text 3 and Table S2-S4.

Predictive performance of the models

The performance metrics of all radiomics models are presented in Table 3. The PTWL model, which
incorporated primary tumor and whole lung radiomics features, showed superior performance with AUCs
of 0.792 (95% Cl: 0.729-0.855) and 0.712 (95% Cl: 0.603-0.822) in the training and test cohorts,
respectively (Fig. 3A-3B). This model outperformed both PT model and the WL model (all Delong test P <
0.05 except for comparison with the WL model in the test cohort) (Fig. 4). The combined model,
integrating the predicted probabilities derived from the clinical model and PTWL model (Supplementary
Text 4), exhibited slightly higher predictive performance compared to the PTWL model, achieving AUCs
of 0.810 (95% CI: 0.750-0.870) and 0.713 (95% Cl: 0.600—-0.827) in the training and test cohorts,
respectively (Fig. 3A-3B). Nevertheless, no statistically significant difference in prediction efficiency was
observed between the PTWL model and the combined model in the training and test cohorts (all P >
0.05) (Fig. 4). The combined model resulted in a sensitivity of 83.3%, specificity of 63.6%, positive
predictive value (PPV) of 55.5%, negative predictive value (NPV) of 87.5%, and accuracy of 70.6% in the
test cohort (Table 3).

The calibration curves for both the training and test cohorts demonstrated good consistency between
the predicted and actual probabilities of the combined model, with P > 0.05 according to the Hosmer-
Lemeshow tests (Fig. 3C-3D). The decision curve analysis was employed to evaluate the clinical utility of
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models, and the results demonstrated that the combined model yielded higher net benefits across all
evaluated models, indicating its superior efficacy in guiding therapeutic decisions (Fig. 3E-3F).
Additionally, the superior performance of the combined model compared with other models was
confirmed in the NRI test and IDI test (Table 4).

Subgroup analysis

To evaluate the robustness of the predictive model, a subgroup analysis was performed based on the
treatment regimen across the entire cohort. The combined model maintained stable performance in both
subgroups, and the Delong test indicated no statistically significant differences in its predictive efficacy
between different treatment regimen subgroups (Figure S2, P=0.650), demonstrating consistent
discriminative ability regardless of treatment type.

Survival analysis

Patients who did not experience positive events and had a minimum postoperative follow-up period of 1
year, along with all patients who experienced positive events, were included in the survival analysis.
Among the 193 patients who satisfied this criterion, 33 patients (17.1%) died and 35 individuals (18.1%)
exhibited disease recurrence during the observation period. The median follow-up time was 616 days
(range of 29-2587days). Based on the optimal cutoff value (0.484) derived from maximizing Youden
index of the combined model, we stratified the patients into high- and low-risk groups. The Kaplan-Meier
survival curves revealed that low-risk group exhibited significantly longer RFS compared to high-risk
group (P = 0.035), which was in line with the actual survival outcome (Fig. 5). The clinical utility of the
combined model was demonstrated using two representative cases (Fig. 6).

Discussion

The pCR is regarded as a promising surrogate endpoint that may potentially serve as a substitute for
long-term survival outcomes in patients with operable and resectable NSCLC following neoadjuvant
immunotherapy. Notably, pCR demonstrates a robust correlation with 1- and 2-year event-free survival
(EFS) [24]. Nevertheless, the clinical utility of biomarkers for accurately predicting pCR for neoadjuvant
immunotherapy for NSCLC remains suboptimal, highlighting the imperative for more reliable predictive
tools to optimize treatment decision-making and refine patient stratification in clinical practice. In this
study, we developed and validated a whole lung radiomics model to predict pCR in NSCLC patients
receiving neoadjuvant immunotherapy, which demonstrated predictive performance comparable to that
of the tumor-specific radiomics model. In addition, the combined model incorporating whole lung
radiomics features, tumor-specific radiomics features, and CEA levels showed enhanced predictive
efficacy. These findings suggest that whole lung radiomics may serve as a valuable supplementary tool
for identifying pCR in NSCLC patients undergoing neoadjuvant immunotherapy.

Previous studies have confirmed that baseline tumor radiomics features hold significant predictive value
for assessing pCR in NSCLC patients receiving neoadjuvant immunotherapy [10, 11]. In this study, the PT
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radiomics model exhibited promising predictive capability within the training cohort. However, when
evaluated on the test cohort, its diagnostic accuracy declined to a mere 49.4%. A critical shortcoming
identified was its low diagnostic specificity, which resulted in a high rate of false-positive findings—
specifically, 70.9% of non-pCR patients were incorrectly identified as pCR responders. As a consequence,
the overall predictive efficacy falls substantially below the standards required for reliable clinical
application, and thus the model is unsuitable for supporting diagnostic or therapeutic decision-making in
practice. Therefore, it is imperative to further explore multidimensional information to identify more
robust and reliable biomarkers for the accurate prediction of treatment response.

The tumor microenvironment (TME) is a complex system comprising immune cells, stromal cells, the
extracellular matrix, vasculature, lymphatic vessels, and signaling molecules, all of which play a critical
role in the response to neoadjuvant immunotherapy. Studies have revealed that the tumor core is
predominantly occupied by malignant cells, whereas the peripheral region is a hub for immune cells,
cancer-associated fibroblasts, and other stromal components [25]. Given this spatial heterogeneity,
research focus has expanded from the intratumoral region to the peritumoral compartment, with
increasing evidence supporting the strong predictive value of peritumoral radiomics in patients with
NSCLC receiving neoadjuvant immunotherapy [26]. Furthermore, a growing number of clinical studies
have indicated that patients with LC-COPD often achieved a better prognosis from immunotherapy, likely
due to an altered pulmonary immune microenvironment resulting from chronic inflammation [13, 16].
Although the technical feasibility of whole lung segmentation has been established [17], its value for
predicting pCR to neoadjuvant immunotherapy in NSCLC remains unclear. In this study, we developed
and validated a whole lung radiomics model for predicting pCR following neoadjuvant immunotherapy in
NSCLC. Our results demonstrated that the whole lung radiomics model achieved superior predictive
performance over the conventional tumor-specific model (AUC 0.671 vs. 0.593) with an excellent
balance between sensitivity and specificity. To the best of our knowledge, this investigation represents
the first report to establish the potential of whole lung radiomics as a non-invasive biomarker for
predicting pCR to neoadjuvant immunotherapy in NSCLC patients.

A key innovation of this study lies in the development of a combined model integrating multimodal
information—including whole lung radiomics, tumor-specific radiomics, and CEA levels—which achieved
superior predictive performance compared to other models. This improvement was reflected in
enhanced patient reclassification, as evidenced by improved patient reclassification (NRI) and enhanced
discrimination between pCR and non-pCR patients (IDI). The combined model incorporated nine optimal
radiomics features derived from the PTWL model, including six tumor-specific and three whole lung
radiomics features. The tumor-specific radiomics features predict therapeutic response by quantifying
intratumoral heterogeneity, where complex texture (e.g., ZoneEntropy) may suggest active immune cell
infiltration, whereas disordered heterogeneity (e.g., RunVariance) indicates an immunosuppressive state
[27]. The whole lung radiomics features provide complementary information by characterizing the
pulmonary pathophysiological and immune state. For instance, a higher average density of the whole
lung (e.g., WL_Wavelet-HHH_firstorder_Mean), resembling chronic inflammation, was associated with
pCR. In contrast, extensive uniform low-density areas (e.g., WL_Wavelet-
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LHH_GLSZM_LowGrayLevelZoneEmphasis), analogous to emphysema, correlated with poorer treatment
response. Furthermore, higher variance indicating coexisting pathological changes (WL_log-sigma-1-
mm-3D_GLDM_DependenceVariance), such as fibrosis and emphysema, was linked to an inferior
response [17]. These three whole lung features carried substantial predictive weights, underscoring that
the whole lung status is a critical determinant to predict therapeutic response of neoadjuvant
immunotherapy in NSCLC. Based on the risk threshold established by the combined model, the follow-up
cohort was stratified into high- and low-risk groups. Patients categorized into the low-risk group
exhibited a significantly more favorable prognosis, characterized by a markedly reduced risk of
recurrence and a significantly prolonged post-recurrence survival period. In contrast, individuals
assigned to the high-risk group showed a substantially increased likelihood of recurrence and a
correspondingly poorer prognosis over the follow-up period. Such prognostic disparities identified
through risk stratification offer critical evidence-based medical support for the development of
individualized treatment strategies.

There are several limitations in our study. Firstly, as a retrospective study, the potential for selection bias
is inherent. Therefore, a prospective study is warranted. Furthermore, it is a single center study with a
relatively limited sample size, multi-center validation should be performed to ensure the generalizability
of the model. Finally, the biological rationale underlying the radiomics model, especially the whole lung
radiomics model, necessitates further investigation in subsequent studies.

Conclusion

In conclusion, this study demonstrates that the whole lung radiomics is a promising biomarker for
predicting pCR following neoadjuvant immunotherapy in NSCLC. The PTWL radiomics model, which
integrates whole lung radiomics features with tumor-specific radiomics features, showed superior
predictive performance for pCR, highlighting the complementary value of simultaneously assessing both
local tumor characteristics and systemic host immunity condition. The combined model incorporating
the predicted probabilities derived from the clinical model and PTWL radiomics model has the potential
to guide personalized therapy decisions therapeutic decision-making for NSCLC patients, enabling pre-
treatment risk stratification and identification of those who may benefit from neoadjuvant
immunotherapy.
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Tables

Tables 1 to 4 are available in the Supplementary Files section.

Figures

Patients with clinical II-IIB stage NSCLC without driver gene mutations who received at least two cycles of
nevadjuvant immunothe rapy followed by surgical resection between August 2018 and June 2025 (n = 353)
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Figure 1

Flowchart of patient eligibility and exclusion criteria.
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Administration of patients
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Figure 2
lllustration of the study design. pCR = pathological complete response, ROI = region of interest, MRMR =

Minimum Redundancy Maximum Relevance, LASSO = Least Absolute Shrinkage and Selection Operator,
ROC = receiver operating characteristic curve, DCA = Decision curve analysis.
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Figure 3

Predictive performance and clinical usefulness of different models for predicting pCR in the training and
test cohorts. The ROC curves of different predictive models in the training cohort (A) and the test cohort
(B). The calibration curves of different predictive models in the training cohort (C) and the test cohort
(D). The decision curves of different predictive models in the training cohort (E) and the test cohort (F).
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PT = primary tumor radiomics model, WL = whole lung radiomics model, PTWL = primary tumor plus

whole lung radiomics model.

FTWL

Figure 4
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Delong test between different models in the training cohort (A) and the test cohort (B). PT = primary
tumor radiomics model, WL = whole lung radiomics model, PTWL = primary tumor plus whole lung

radiomics model.
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Kaplan—Meier curves for the recurrence-free survival (RFS) between pCR vs non-pCR groups (A) and
combined model predicted high risk vs low-risk groups (B).
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Figure 6

Individual applications of the combined model to predict therapeutic response. In case 1, a patient
underwent a pre-treatment CT examination (A-B). The combined model predicted a non-pCR outcome,
which was subsequently confirmed by postoperative pathology (C), with the tumor recurrence occurring
at 495 days after surgery(D-E). In case 2, a patient underwent a pre-treatment CT examination (A-B). The
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combined model predicted a pCR outcome, which was subsequently confirmed by postoperative
pathology (C), with no recurrence or metastasis at 2587 days after surgery (D-E).
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