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Prediction of radiation pneumonia in lung cancer patients by CT-based radiomics signatures

and clinical physical dosimetric features
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Abstract: Objective To combine CT-based radiomics signatures with clinical physical dosimetric features for predicting radiation
pneumonitis in lung cancer patients. Methods The clinical physical dosimetric features, CT images and follow-up data of 83 patients
with lung cancer who underwent radiotherapy from January 2013 to January 2017 were retrospectively collected. A total of 152
features, including 107 radiomics signatures extracted from the CT images and 45 clinical physical dosimetric features, were
collected for each case. Based on 22 feature extraction methods and 8 classifiers, 176 identification models were constructed to
analyze the accuracy of 152 features in predicting radiation pneumonia and to evaluate the ability to screen dominant features.
Results The highest AUC in the identification model for predicting radiation pneumonitis by clinical physical dosimetric parameter
combined with radiomics signatures was 0.90. The top 5 dominant features included shape Maximum2DDiameterColumn,
shape Maximum3DDiameter, V,,, glem Imcl and V.. Discussion The ideal identification model and superior prediction features
can be screened from identification models constructed by the combination of different classifiers and feature selection algorithms
based on clinical physical dosimetric features and radiomics signatures.
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Tab.1 Extracted candidate features

REfIESE Y

eGSR A

Elongation, Flatness(3D), Least Axis Length(3D), Major Axis Length, Maximum2DDiameterColumn,

S ERHIE

Maximum2DDiameterRow, Maximum2DDiameterSlice, Maximum3DDiameter, MeshVolume, MinorAxisLength,

(n=14)

Sphericity, SurfaceArea, SurfaceVolumeRatio, VoxelVolume

— G FE  10Percentile, 90Percentile, Energy, Entropy, InterquartileRange, Kurtosis,Maximum, MeanAbsoluteDeviation, Mean, Median,

(n=18)
GURAHIE (n=75)

Minimum, Range, RobustMeanAbsoluteDeviation, RootMeanSquared, Skewness, TotalEnergy, Uniformity, Variance

GLCM(n=24), GLSZM(n=16), GLRLM(n=16), NGTDM(n=5), GLDM(n=14)
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Fig.1 AUC of the combination of radiomics signatures with clinical dosimetric features (30 features were selected)
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Fig.2 Features statistical bar chart
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Tab.2 Statistical analysis of 10 key features

FRIESE S FRIEHEZ RP NRP PiH M (<M[>M)2
Il PRy BRI RP(32.5%|67.5%)
V,0(3)/% 53.39+15.74 36.60+9.01 1072 45.00
(n=5) NRP(81.5%]|18.5%)
RP(37.5%(62.5%)
V5 (51)/% 23.05(4.90, 60.90) 12.08(5.20, 24.20) 1060 17.56
; NRP(85.2%]|14.8%)
RP(35.0%]65.0%)
Vo (7M)/% 19.37(3.20, 56.60) 8.96(2.00, 22.00) 1060 14.16
NRP(85.2%]|14.8%)
RP(30.0%|70.0%)
V0o (80)/% 9.26(2.00, 18.50) 5.06(0.70, 13.00) 1050 7.16
NRP(81.5%]|18.5%)
RP(30.0%]70.0%)
Vo, (10)/% 46.91+14.15 28.96+6.72 102 37.94
NRP(92.6%|7.4%)
FEAQUL 2 E R shape_Maximum2D RP(65.0%|35.0%)
i 95.43+33.24 134.82+43.79 1042 11513
(n=5) DiameterColumn( 1) NRP(33.3%|66.7%)
shapeMaximum3D RP(65.0%|35.0%)
) 113.47+39.52 153.78+48.00 1042 133.62
Diameter(2") NRP(33.3%|66.7%)
RP(32.5%|67.5%)
glem Imcl(4%) -0.21+0.04 -0.26+0.04 1062 -0.24
NRP(70.4%|29.6%)
- RP(32.5%|67.5%)
shape_Sphericity (6™) 0.51+0.11 0.43+0.08 102 0.47

firstorder 90 Percentile(9™)  78.15(-118.00, 267.00)

NRP(74.1%|25.9% )
RP(50.0%|50.0% )

0.107°  89.39
NRP(51.9%48.1%)

100.63(70.00, 250.00)
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