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Whole-body Metabolic Tumor Volume estimation of non-small cell
lung cancer based on density estimation
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Abstract: Whole-body Metabolic Tumor Volume ( MTV,,, ) has been proven to be an independent prognostic indicator for patients
with non—small cell lung cancer, which is associated with the overall survival of patients. The calculation of MTV,, requires doctors
to manually segment the tumor, which is both time —consuming and laborious. In addition, the existing automatic estimation
methods for M7V, perform poorly due to the large scope of the whole body. Therefore, a two—stage method based on density
estimation is proposed to estimate M7V, in non—small cell lung cancer. In the first stage, the nnSAM model is used to segment the
whole-body tumor and find the image slices containing the tumor. In the second stage, the tumor area is regarded as a dense crowd
area, and the density estimation method in crowd counting is applied to medical images. The TransUNet network is used to estimate
the MTV,, of the slices containing the tumor obtained from the first stage through density estimation. This method is tested on PET/
CT data of 480 patients with non—small cell lung cancer from the University of Chicago, with an R*_score of 0. 71, outperforming
existing research methods. The experiments show that the proposed method can effectively predict MTV,, assist doctors in
formulating treatment plans, and predict patient prognosis.

Key words: whole—body Metabolic Tumor Volume; density estimation; medical image segmentation; non—small cell lung cancer;
PET/CT
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