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INTRODUCTION DISCUSSION AND CONCLUSION RESULTS

‘Lung cancer is the leading cause of cancer-related mortality; NSCLC Actionable Take Away Message 344 patients with advanced NSCLC treated with ICls across four cohorts (training n = 156; internal validation n = 68; external validation n = 66 and n
accounts for ~85% of cases, and over two-thirds present with advanced *A cascaded framework fusing CT radiomics with H&E WSI deep pathomics = 54); DCB rates 43.9%—66.7%; median OS 14.6-20.9 months.

disease.’ predicted durable clinical benefit from ICls — training AUC 0.972, external Table 1. Baseline characteristics and outcomes across cohorts

«lmmune checkpoint inhibitors (ICls) have reshaped advanced NSCLC AUCs 0.908 / 0.898 — outperforming unimodal signatures. Internal val. (n=68)
management, yet only 20%-50% of patients achieve durable clinical *The radiopathomics score (RPS) gave reproducible OS stratification across Age, years, mean + SD 648 + 8.6 66.5 + 8.9 68.6 + 8.0 68.7 + 7.4

three centres (pooled HR 5.18, P < 0.0001) and stayed independently

benefit (DCB); others may even develop hyperprogression.2:3 e { (HR 9.72) Male, n (%) 143 (91.7) 59 (86.8) 60 (90.9) 47 (87.0)
rognostic after clinical adjustmen 12). .
Current biomarkers are imperfect: some PD-L1-negative patients benefit Shelet r i o) . . . ECOG 0-1, n (%) 149 (95.5) 2(91.2) 8 (87.9) 47 (87.0)
*RPS refined risk within PD-L1 strata — flagging high-risk patients despite S I : Y 108 (69.2 49 (721 48 (72.7 31 (57 4

while PD-L1-high tumours can resist; TMB/MSI testing is costly and lacks PD-L1 250% (HR 22.09) and low-risk PD-L1-negative patients with quamous cell carcinoma, n (%) (69.2) (72.1) (72.7) (57.4)

. N ' Stage IV, n (%) 86 (55.1) 0 (58.8) 9 (59.1) 33 (61.1)
harmonised thresholds.45 prolonged survival.

o _ _ - _ PD-L1 TPS 250%, n (%) 34 (21.8) 1(16.2) 1(31.8) 22 (40.7)
*CT radiomics captures whole-tumour heterogeneity, while H&E whole- *SHAP analyses sﬁowed complementary contributions of deep pathomic Firstline IC1. n (%) 124 (79.5) 50 (73.5) 63 (95.5) 53 (98.1)
slide image (WSI) pathomics resolves tumour micro-architecture — cross- features and multi-phase CT texture/shape features. DCB. n (%) 104 (66.7) 35 (51.5) 29 (43.9) 36 (66.7)
scale fusion may leverage complementary information.6-8 Limitations Median OS, months [IQR] 19.1 [12.7-29.3] 14.6 [8.2—24.8] 20.9 [9.4-33.9] 20.7 [12.8-29.3]
*Whether pretreatment CT-WSI fusion can anticipate immunothera . i i _ ing — i _raqi

. p o .p Py Re.tro.spectlvet single-country sampling — prospective multi-regional Table 2. AUC (95% CI) of the three signatures for predicting DCB

benefit and prognosis in advanced NSCLC remains unclear.?.10 validation required

.Depends on qualiy of both CT and WSI; sem-automatic segmentation i S | Trmng | nternalval Extornal vl.| Extomal val. 2

Objective: To develop and validate a cascaded radio-pathomics framework

o _ o _ labour-intensive; missing-modality robustness untested. Radiomics (RS) 0.825 (0.786-0.864) 0.745 (0.682-0.809) 0.749 (0.712-0.787) 0.762 (0.703-0.822)

(CT radiomics + H&E WSI pathomics) for predicting DCB and OS in |
advanced NSCLC. Future Direction for Research Pathomics (PS) 0.936 (0.882-0.991) 0.832 (0.745-0.918) 0.859 (0.755-0.962) 0.828 (0.722-0.934)
oProspective Validation, fu”y automated Segmentation, and m|SS|ng_modal|ty Radio-pathomics (RPS) 0.972 (0916—1000) 0.882 (0795—0970) 0.908 (0799—1000) 0.898 (0801—0995)

learning for real-world deployment.
RPS stratified OS (high- vs low-risk): training HR 7.09 (4.21-11.93); internal validation HR 3.79 (1.87—7.66); external validation HRs 3.09 (1.51-6.35) and 5.15

METHODS Conclusion (1.93-13.77): pooled HR 5.18 (3.70—7.26). Nomogram C-index 0.824 vs 0.676 (clinical-only) and 0.804 (RPS-only).
Integrating routinely acquired CT radiomics and digital pathomics enables

pre-treatment prediction of IC| benefit and refined survival risk estimation in
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