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Background

• The LET effect to patient outcome is unclear
• The parameters of the current RBE models have many uncertainties
• Different RBE models give very different results 
• Current IMPT planning ignores LET information (assuming an LET 

independent and fixed RBE of 1.1) and exclusively relies on physical dose
• The ignorance of LET distribution may result in unanticipated AEs and 

undesirable patient outcome

• It is important to address the uncertainties in the current RBE 
models, use well-defined physics quantities like dose and LET 
to correlate patient outcomes data, and combine dose and LET 
for IMPT evaluation and treatment planning



• DL , represent the percentage volume of a structure that has a dose ( ) 
of at least Gy and an LET of at least keV/µm

• Present dose and LET in one plot and their interplay

Solution 1: Dose LET Volume Histogram (DLVH)
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Both dose and LET are important in AE



Assumptions used in the voxel-based analysis for LET-related adverse event 
studies might not hold:

1. all the damaged voxels were presumably induced from the dosimetric effect (i.e., 
dose and LET)

2. voxels were independent from each other within the AE regions of the same 
patients

Only a sub-population of the independent voxels within the AE regions were 
dosimetrically important!

Motivation for seed spot analysis



a b cInitial diagnosis of ORN
(>1.5 year after treatment)

6 months after diagnosis 11 months after diagnosis
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Progression of AE regions

Volume of AE region increased about 10 times within 11 months

“Necrotic regions evolve over time and expand to include nearby voxels with low local probability of necrosis.”
Niemierko et al. Brain necrosis in adult patients after proton therapy: Is there evidence for dependency on linear 
energy transfer? International journal of radiation oncology, biology, physics 2021;109:109-119.



• AE region forms in two stages: dosimetric + 
biological

• Origin: dosimetric effect; Expansion: biological 
processes

• Voxels in AE are not independent

• Solution 2: Important to find independent seed 
spots (origin lesion*)
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“The assumption of any regression methods requiring independent data points might not hold”. And the inclusion 
of low dose/LET voxels within AE regions “increased the “noise” level of data.”
Niemierko et al. Brain necrosis in adult patients after proton therapy: Is there evidence for dependency on linear energy 
transfer? International journal of radiation oncology, biology, physics 2021;109:109-119.

* Bahn E, Bauer J, Harrabi S, et al. Late contrast enhancing brain lesions in proton-treated patients with low-grade 
glioma: Clinical evidence for increased periventricular sensitivity and variable rbe. International Journal of 
Radiation Oncology* Biology* Physics 2020;107:571-578.
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Seed spot analysis

• Assumption: top edge are critical voxels that 
forms seed spots

• Seed spot analysis can mitigate the confounding impact from complex biological processes
• Boost the independent data points and fewer patients are required in patient outcome study

• Cluster to find spatially independent seed spots
• Resembles the patch-based methods in medical 

imaging analysis
• Find independent spatial clusters of voxels that 

possess similar characteristics or patterns, but from 
a dosimetry perspective. 



Modelling of seed spot distribution using the dose LET product (xBD)  ( )
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The product of dose and LET (xBD) was found to be a good dose-LET descriptive feature for seed spots

• Caution: based on a very limited number of patients with AEs.



Validation

Patient cohort: 100
Osteoradionecrosis of the 
mandible: 7 
Control: 93

AUC=0.87

The xBD based predictive model could be used to predict mandible osteoradionecrosis reasonably well 



Clinical Translation DEMOs
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GPU-based Real-Time Virtual Particle Monte Carlo
a new concept to avoid simulating secondary particles in proton dose 
calculation

• Simulating speed: 29.3M protons/sec/node
• For most plans, it only takes 2-3 seconds to finish 

calculation.
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Demo: xBD-based robust optimization



Summary

14

• Developed DLVH and seed spot analysis for AE initialization studies

• Both dose and LET are important in the AE initialization

• The product of dose and LET (xBD) is a good dose-LET descriptive feature for 
seed spots. 

• Established an xBD volume constraint for mandible osteoradionecrosis

• Caution: based on a very limited number of patients with AEs.

Voxel-based DLVH Seed spot analysis Model
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