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Classification of liver cirrhosis using global and local features

ZHU lJiaqi', LIU Xiang', SONG lJialin®

1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China; 2. Department

of Ultrasound Diagnosis and Treatment, Shanghai Changzheng Hospital, Naval Medical University, Shanghai 200003, China

Abstract: Objective To propose a classification method for liver cirrhosis diagnosis using both global and local features of
liver tissues, thereby overcoming the current problem that the diagnosis of liver cirrhosis mainly relies on manual detection.
Methods The two-dimensional high-frequency ultrasound images were collected from 47 patients with hepatitis B cirrhosis
(divided into mild, moderate and severe cirrhosis groups according to Child-Pugh score) and 20 healthy volunteers (normal
control group). The differential filter was used to obtain the code distance of the image, and then detect the corner point, cord,
ascites and other features for quantitative analysis. A two-stage classification model was established. The support vector
machine (SVM) of radial basis function was used in the first stage of classification to group mild and moderate cirrhosis into
one category, while normal controls and severe cirrhosis into the other category for avoiding mutual interference between the
two categories. In the second stage, after parameters tuning with Bayesian, random forest (RF) algorithm was used to adjust
the importance weights of different features for further enhancing the classification accuracy of liver cirrhosis. Results All of
the selected features were statistically significant (P<0.05), and the SVM-RF model had an accuracy of 93.11%, 88.19%,
91.93% and 96.86% for diagnosing normal liver, mildly cirrhosis liver, moderate cirrhosis liver and severe cirrhosis liver.
Conclusion The proposed SVM-RF method can effectively extract the global and local features that conform to the doctor's
perspective, and assist in cirrhosis diagnosis.

Keywords: liver cirrhosis; computer-aided diagnosis; ultrasound image processing; feature analysis
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Figure 1 Flowchart of high—frequency ultrasound image classification for liver cirrhosis

a: IEE TR b: EEEL c:REFE L d: EEEWL

2 BRERRE

Figure 2 Schematic diagram of capsule extraction
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Figure 3 Examples of high—frequency ultrasound images of liver cirrhosis
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Figure 4 Schematic diagram of corner detection
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Figure 5 Detection results
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Figure 6 Ascites detection
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Figure 7 Random forest

1.4 SFitEFRE

K HIIBM SPSS 26.0 e it2# 0 Hrik iF , R ECH Iy
Logistic [F1H 4T 777 SR BCRRAESEA T 2 3 R 56
GER LR 2, BT LLE I K A PN
T0.05, RWIFFIE AT HA Goit 2@ oAb, il

WA ST S BRLA 5 B A T — 2L i
THRFIER AR . PR, A SO S R Ak T LT T4
RN AT R A P PR, I R e — 20 7 Al B
A B BRI ST .

R2 FHEG T FEN

Table 2 Feature statistical significance analysis
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Table 3 Accuracy of the two—stage classification model (%)
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Table 5 Effects of feature selection on classification accuracy (%)
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Figure 8 Effects of feature weight
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Table 6 Comparison of classification accuracy with the existing state—of—the—art methods (%)
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