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Significance Approach
- Radiation-induced pneumonitis Patient cohort: Train 3 predictive models (80/20 training/validation spilit):
(RP) reduces quality of life for non- /2 photon (n=12 with G2+ RP) Planning week Mid-treatment 1. CT+Dose: planning CT, original dose map
small cell lung cancer (NSCLC) 38 proton (n=8 with G2+ RP) 2. CT+RBE: planning CT, variable RBE-weighted dose map
patients treated with radiation 3. CT+RBE+VC.: planning CT, variable RBE-Welghted dose
therapy. Re-calculate proton physical map, ventilation change map
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Hypothesis: Predictive models for fg 0. Voxel-wise maps of ventilation over time Fig 3. Model training and validation workflow for 7/6-fold nested cross
RP will demonstrate improved 25 Fi - 1ot validation.
- - - - - - g 2. Workflow to generate voxel-wise ventilation : _
accuracy when variable RBE and P D (G.‘;,i)3 Lon maps at planning and mid-treatment using ’ ASSG_SS 6 mOd_el architectures: AdaBoos_t, .SV|V|, KNN.,
lung functional information are Fig 1. HU dose-response used for deformable image registration (DIR). GradientBoosting, Random Forest, Loglstlc.Regressmn
incorporated. variable RBE model » Assess models on 7/6-fold nested cross-validation
ROC Curves for 3 Models
Resu ItS o (a) CT+Dose Model _ Lo (b) CT+RBE Model o (c) CT+RBE+VC Model
Table 1: Model training data for 110 patients and corresponding cross-validation results for area under the curve (AUC) and _lJ !
standard deviation (std) across folds, F1 score, accuracy, sensitivity, and specificity. 0.8 - 0.8 0.81
Model Name |Training Data AUC* |F1 Accuracy |Sensitivity |Specificity %0_6_ %0_6 %0_6_
Std Score 2 > >
CT+Dose Planning CT 0.75+ |0.44 |0.60 0.90 0.57 g 04’ g 04 g 04’
Original dose map 0.08 " " "
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Fig 4. Receiver operating characteristic (ROC) curves for 3 models: (a) CT+Dose model, (b) CT+RBE Model, and (c)
CT+RBE+VC |Planning CT 0.78 + 0.45 0.71 0.75 0.77 CT+RBE+VC Model. Each plot shows the threshold selected to optimize for sensitivity, using Youden’s index, and the
Variable RBE-Weighted 0.10 associated area under the curve (AUC) score with standard deviation across folds.
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(a) CT+Dose Model (b) CT+RBE Model (c) CT+RBE+VC Model
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Final 6 features that demonstrated highest stability: < S 39 < 34 p 21
« V40 n Z - n Z
.+ V70 g g g
« Mean HU within lung 8 8 i
* First-order entropy within lung CT o | 5 18 o | 4 16 o | 5 15
» First-order mean absolute deviation within lung CT - - -
» First-order entropy of ventilation change at mid-treatment (excluded from CT+Dose and
CT+RBE models) Non-RP RP Non-RP RP Non-RP RP
Predictions Predictions Predictions
Random Forest models demonstrated higheSt performance across all 3 model types Fig 5. Confusion matrices for 3 radiation-induced pneumonitis (RP) prediction models: (a) CT+Dose model, (b) CT+RBE

model, and (c) CT+RBE+VC model. True labels are shown on the y-axis and model predictions are shown on the x-axis.
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