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Introduction Machine learning model

Understanding the in vivo mechanism-of-action of immune  We compared [%°Zr]Zr-DFO-durvalumab PET, [*8F]FDG PET and CT perfusion features to pathological response with
checkpoint inhibitors is critical to guide treatment the help of a machine learning algorithm: Robust feature ranking through an exhaustive exploration strategy,
development in non-small cell lung cancer (NSCLC): integrated with non-linear model training to capture complex dependencies within the most important feature.
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Imaging example of fused PET/CT coronal view CTP: CT perfusion, AUC: Area under the curve, [89Zr]-durv: [®Zr]Zr-DFO-durvalumab PET, FDG: [*8F]FDG PET, SUV: Standardized uptake value,
A: [8F]FDG B: [8°Zr]Zr-DFO-durvalumab DLN: tumor draining lymph nodes, VP: Fractional plasma volume, TBR: Tumor-to-blood ratio, TME: Time to maximum enhancement

Conclusion

We present an innovative approach to integrate the contribution of multimodal imaging features in predictive modelling.

Our data suggests that total contrast enhancement and durvalumab distribution in lymphoid organs outweigh conventional tumor-uptake parameters to predict
pathological response upon neoadjuvant durvalumab in early-stage NSCLC

Concerning [%°Zr]Zr-DFO-Durvalumab distribution in the tumor; a high kurtosis is linked to lower response rates, suggesting the importance of a more homogenous
distribution of durvalumab
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