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Value of CT radiomics combined with morphological features in predicting the prognosis of

patients with non-small cell lung cancer
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Abstract: Objective To explore the predictive value of CT radiomics and morphological features for the prognosis and
survival in non-small cell lung cancer (NSCLC) patients. Methods The clinic data of 300 NSCLC patients (300 lesions)
were downloaded from the Cancer Imaging Archive, with 210 randomly selected as the training set and 90 as the test set.
According to the prognosis and survival, the patients were divided into two groups with survival period < 3 and >3 years.
3D Slicer software was used to delineate the regions of interest layer by layer in CT images, and the radiomics features were
extracted from each region of interest. Both #-test and least absolute shrinkage and selection operator were utilized for
radiomics feature screening. Three types of prediction models, namely radiomics model, morphological model and
combined model, were constructed with Logistic regression, whose performances were evaluated using the receiver
operating characteristic (ROC) curve. Results The differences in radiomics labels and mediastinal lymph node metastasis
between the training set and the test set were statistically significant. For radiomics model, morphological model and
combined model, the area under the ROC curve was 0.784 (95% CI:0.722-0.847), 0.734 (95% CI:0.664-0.804) and 0.748
(95% CI:0.680-0.815) in the training set, and 0.737 (95% C1:0.630-0.844), 0.665 (95% CI:0.554-0.777) and 0.687 (95% CI:
0.578-0.797) in the test set, which demonstrated that radiomics model had the best diagnostic performance. Conclusion The
CT radiomics model can effectively predict the prognosis and survival in NSCLC patients.
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Figure 1 ROI delineation and 3D reconstruction of peripheral lung cancer lesions using 3D Slicer software
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Figure 2 ROI delineation and 3D reconstruction of central lung cancer lesions using 3D Slicer software
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Figure 3 Model establishment flowchart
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Table 1 Basic clinical information in the training set and the test set
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Table 2 CT imaging signs in the training set and the test set

ALK (7 + s, mm)  45.73£22.62 33.51+17.86 3.965 43.73£20.17  44.87+21.12  0.251
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screening using ten—fold cross—validation
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Figure 6 Nineteen feature parameters retained by 7—test
and LASSO screening
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Table 3 Radiomics feature screening results
AR A DEES
original_shape Maximum2DDiameterRow -0.020461
wavelet-LLH glrlm_GrayLevelVariance 0.012205
wavelet-LLH_glrlm_LongRunLowGrayLevelEmphasis -0.002 982
wavelet-LHL glszm SmallArealLowGrayLevelEmphasis 0.002 563
wavelet-HLL_firstorder Maximum -0.007 863
wavelet-HLH_glszm_GrayLevelNonUniformityNormalized 0.015134
wavelet-HLH_glszm_ZonePercentage 0.029432
wavelet-HHL _firstorder Maximum -0.023 130
wavelet-HHL glem Imcl 0.042 229
wavelet-HHL glem MCC -0.000914
wavelet-HHH_firstorder Maximum -0.002 408
wavelet-HHH_firstorder Uniformity 0.000391
wavelet-HHH_glrlm_ShortRunLowGrayLevelEmphasis 0.008 948
wavelet-HHH glszm GrayLevelVariance -0.003 664
wavelet-LLL_gldm_LargeDependenceLowGrayLevelEmphasis -0.033436
log-sigma-2-0-mm-3D_glem_InverseVariance 0.010456
log-sigma-2-0-mm-3D_gldm LargeDependenceLowGrayLevelEmphasis -0.004 754
log-sigma-2-0-mm-3D_ngtdm_Strength 0.024 111
log-sigma-3-0-mm-3D_glrlm_GrayLevelNonUniformityNormalized -0.025 966
R4 IFFNRBIEN S ESNIXER ROC #hZ 25 R3T B
Table 4 Comparison of ROC curve results among 3 prediction models in the training set and the test set
151 AUC 95%CI HURE Rk FRPEBTIME A P
PR S
AR 0784 0.722~0.847  0.831 0.655 0.627 0.755
e 0.734  0.664~0.804  0.704 0.640 0.660 0.755
JiEy il 0.748  0.680~0.815 0.592 0.820 0.571 0.733
tilhne S
MARAIEER 0737 0.630~0.844  0.871 0.492 0.625 0.758
TSR 0.665 0.554~0.777  0.871 0.542 0.462 0.675
HR S 0.687 0.578~0.797  0.677 0.695 0.353 0.658
i 9 254797 B ﬁi&ffﬁ FRITIN 27 B Jili g 14 ST ¢ AIE wavelet-HHL glem Imcl, J& F K B 3t A= 5 %
fiﬂj&ﬁﬂl%‘ P il 15 32 Sl O AL B R (GLCM) , 55 Wang %7, Hawkins %5 RS0 45 5 K3
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Figure 7 ROC curve evaluates the predictive performance of radiomics

model, morphological model and combined model in the training set

N J:—LEFJ—

BURE

HARA B (AUC=0.737)
T2 (AUC=0.665)
—— AR (AUC=0.687)

==~ baseline

T T
0.5 0.6 0.7 0.8 0.9 1.0

1-Fesetk
8 ROCHZ MR RN GAFRE LS FRAMK AR
BTN RE

Figure 8 ROC curve evaluates the predictive performance of radiomics

model, morphological model and combined model in the test set
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