b

#3603 SRS yBE I S Vol. 36 No.3
20194F 3 H Chinese Journal of Medical Physics March 2019
DOI:10.3969/.issn.1005-202X.2019.03.009 B SR

ET CT EREHER AR ET IR B = 4

I T RAE E AR TR, i 200082

[FE]BR 428 —FA T CT B4 Ry AL UG B 2 047 &, B 4R R FAP 2k CT B4R A st M A e TS 49 %5
", ik B e, SHARER A S B AT - E A A AERR IR RS , 4% ) Kaplan-Meier 7 ik #4752 B & & A 547 ;48 F) COX ) )2 4L
AT S WE AL AT IR TG B & . 6, A0 LHF@ZIL(SVM)Z 240 % Btk 2 7Us B & 6 FUs
B AT TS . 45 R 14 A Lung CT-Diagnosis 2% & P 61 4 % F 347X 3%, £ R A5 R w126 7 £ 5L
GLCM ¥ A B GLCM AEAa4be 5 A % 2 77 . 5485 (P<0.05) . COX ®)aiR & B &S M A ER 2@ 25
Il RR S B A R HEAN K (P<0.05), SVM £ B 5 k2R B REGF £ R4 — A2 E Lt &4 A Ao REEATTm
25 B AT, RILR S F £ A GAEE  GLCM ¥ .GLCM 3E A8kt 5 I IR & TRUG A & 5 120 7 £ & IR % 04 1k
SE B &, BT B BARAFAE ) B A T A ST B AT B A /R 6 TG S do 2 K B A )

[ SR421R) s s UG s BARARAE ; 2 577U B

[F B93-S ]R318;R734.2 [ ZEktRERL]A [XE=42)1005-202X(2019)03-0291-05

CT image feature-based analysis on the prognostic factors of lung adenocarcinoma

LU Xiaoteng, GONG Jing, NIE Shengdong

Institute of Medical Imaging Engineering, University of Shanghai for Science and Technology, Shanghai 200082, China

Abstract: Objective To propose a method for the analysis of the prognostic factors of lung adenocarcinoma based on CT image
features, and explore the effects of different kinds of CT image features on the prognosis of lung adenocarcinoma. Methods Firstly,
the lung tumors were segmented and their features were extracted. Secondly, Kaplan-Meier method was used to perform univariate
survival analysis, and a multivariate survival analysis was carried out with COX regression model to obtain independent prognostic
factors. Finally, a classifier based on support vector machine was established to test the prognostic ability of independent prognosis
factors. Results The data of 61 patients with lung adenocarcinoma were selected form Lung CT-Diagnosis dataset. The univariate
analysis showed that several image features, including radial variance, edge roughness, GLCM entropy and GLCM non-similarity,
had significant effects on the overall survival of patients with lung adenocarcinoma (P<0.05). The multivariate analysis based
on COX regression model revealed that only radial variance was significantly associated with the survival of patients with lung
adenocarcinoma (P<0.05). The result of classifier based on support vector machine showed that to some extent, using radial
variance could predict the survival time of patients. Conclusion Four features, namely radial variance, edge roughness, GLCM
entropy and GLCM non-similarity, are proved to be associated with the prognosis of patients with lung adenocarcinoma. Moreover,
radial variance is regarded as the independent prognostic factor of lung adenocarcinoma. The analysis of the above image features
can provide doctors with more accurate prognosis which is helpful for prolonging the survival time of patients with lung
adenocarcinoma.
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Fig.1 Flow chart of experimental method
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Tab.1 Features extracted in experiment
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Fig.2 Survival curve
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Tab.2 Univariate analysis of region of interest (ROI) based

on region growing method
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Tab.3 Univariate analysis of ROI based on edge detection method
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Tab.4 Univariate analysis of average data
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Tab.5 Multivariate analysis based on COX regression model
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Tab.6 Classification results(%)
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