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• Radiation-induced pneumonitis 

(RP) reduces quality of life for non-

small cell lung cancer (NSCLC) 

patients treated with radiation 

therapy. 

• Improvements in toxicity 

predictions may lead to reduced 

rates of RP.

• Limitations of current clinical 

toxicity models1,2:

1. Lack of functional information

2. Assumed relative biological 

effectiveness (RBE) of 1.1 for 

proton therapy patients despite 

evidence of variable RBE

Hypothesis: Predictive models for 

RP will demonstrate improved 

accuracy when variable RBE and 

lung functional information are 

incorporated.

Fig 2. Workflow to generate voxel-wise ventilation 

maps at planning and mid-treatment using 

deformable image registration (DIR).
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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 Model. Each plot shows the threshold selected to optimize for sensitivity, using Youden’s index, and the 

associated area under the curve (AUC) score with standard deviation across folds.

Table 1: Model training data for 110 patients and corresponding cross-validation results for area under the curve (AUC) and 

standard deviation (std) across folds, F1 score, accuracy, sensitivity, and specificity. 

• Demonstrated potential of functional information and variable RBE for improving prediction 

modeling for pneumonitis.

• Existing studies on predictive modeling with lung functional information mostly focus on 

incorporating pre-RT ventilation; the use of mid-treatment information may allow for 

interventions during treatment such as adaptive replanning.

• Future work will incorporate lobe-wise ventilation information and tumor response into 

predictive models.
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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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Final 6 features that demonstrated highest stability: 

• V40

• V70

• Mean HU within lung

• First-order entropy within lung CT

• 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)

Random Forest models demonstrated highest performance across all 3 model types

Model Name Training Data AUC ± 

Std

F1 

Score

Accuracy Sensitivity Specificity

CT+Dose Planning CT

Original dose map

0.75 ± 

0.08

0.44 0.60 0.90 0.57

CT+RBE Planning CT

Variable RBE-weighted 

dose map

0.76 ± 

0.08

0.42 0.63 0.80 0.62

CT+RBE+VC Planning CT

Variable RBE-weighted 

dose map

Ventilation change data

0.78 ± 

0.10

0.45 0.71 0.75 0.77

Patient cohort:

72 photon (n=12 with G2+ RP)

38 proton (n=8 with G2+ RP)

Re-calculate proton physical 

dose using variable RBE using 

image density change from 

pre-treatment to post-

treatment follow-up CTs

Train 3 predictive models (80/20 training/validation split):

1. CT+Dose: planning CT, original dose map

2. CT+RBE: planning CT, variable RBE-weighted dose map

3. CT+RBE+VC: planning CT, variable RBE-weighted dose 

map, ventilation change map

Fig 1. HU dose-response used for 

variable RBE model

• Assess 6 model architectures: AdaBoost, SVM, KNN, 

GradientBoosting, Random Forest, Logistic Regression

• Assess models on 7/6-fold nested cross-validation

Conclusion Connect with me:

        rtlim@mdanderson.org

        https://www.linkedin.com/in/rtlim27/  

Fig 3. Model training and validation workflow for 7/6-fold nested cross 

validation.
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