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Pre—trained neural network classification algorithm based on ultrasound images of
non—alcoholic fatty liver disease

GUO Lijuan, WANG Wenjuan, WANG Xiaotong, SHI Liling
Department of Ultrasound , Shanxi Children’s Hospital , Shanxi Women and Children Hospital , Taiyuan 030013, China

ABSTRACT Ulirasound examination has become the preferred choice for diagnosing non—alcoholic fatty liver disease
(NAFLD) due to its non—invasive. Computer—aided diagnosis technology can help doctors avoiding deviations of detection and
classification in NAFLD.Therefore, this study propose a hybrid model that makes the pre—trained VGG16 network combined with
the attention mechanism and the Stacking ensemble learning model, which has ability of multi-scale feature aggregation based
on the self-attention mechanism and multi—classification model fusion (Logistic regression, random forest, support vector
machine) based on Stacking ensemble learning. The proposed hybrid method achieves four classifications of normal, mild,
moderate, and severe fatty liver based on ultrasound images, and it reaches an accuracy of 91.34%, which is slightly better than
traditional neural network algorithms ( <89.41%).The results show that compared with the pre—trained VGG 16 network, adding
the self-attention mechanism improves the accuracy by 3.02%.Using the Stacking ensemble learning model as a classifier further
increases the accuracy to 91.34%, exceeding any one single classifier such as Logistic regression (89.86%) , support vector
machine(90.34%) and random forest(90.73%).The proposed hybrid method can effectively improve the efficiency and accuracy
of NAFLD ultrasound image detection.
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Fr 8 B 5 35 7E PyTorch 1.9.0 FR A2 B, IR FH 32450 2.30
GHz Y Intel Corei7-10875HCPU A £ % 8 GB RAM A NVIDIA
GeForce GTX 1070 GPU BEATIFAl o 1B 1 g i SRR AL T
A PR 5 AN ARR B 4 e S A B

T o Mk BB R R L K SVML XGBoost, VGG19,
ResNet101 . InceptionV4 Fll DenseNet161 55— b 25 ML #5852 5]
N TS LS, R 3 R . AR BOR A AT T T2
FESERAL B3 3 i CNN 7ECECE 2 T i M AR 34 i v 45
f#1J1] DenseNet161 Z2F 4753 (1) ACC 2y 89.41%20.21% , HAx CNN
BRI ACC B 7E 87%~89% . B 5¢ FIF 418 Hh ¥ 77 ik 4 A1
ACC 4 91.34%=+0.16% , W = T HAMSE L o GESE T AR T e

T A R
F3  A[EBARIA M AR AR LA

Foi% ACC(%) Fl-score AUC
SVM 75.88+0.18 0.744 0.75
XGBoost 73.75+0.17 0.747 0.76
VGG19 87.04+0.24 0.869 0.88
ResNet101 87.29+0.16 0.877 0.90
InceptionV4 88.93+0.16 0.883 0.91
DenseNet161 89.41+0.21 0.887 0.90
AR 91.34+0.16 0.907 0.92

ACC : MEFAE ; Fl=score: F1 4350 AUC : i 28 F i 1
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T B UERR AR TR R AN A AR T AR TS AT T —
FINTH SR 255 B, 6 H A FH I 2509 VGG 16 M 451
B, HEIN T AHIF T4 9 7 = AL VGG 16 2% ACC 42 /=
T 3.02% ,EM T ARG 0 A 2 LR AT 5 o
R RE R T EEAEM . EER T AEE ML
TR VGG 16 M5, 73 (fi T LR .SVM I RF #1732, 45
7R LR .SVM \RF 1Y ACC 4351 24 89.86% .90.34% .90.73% ,
RF ) ACC W5 &5 T LR 1 SVM , (H¥IK T Stacking 42 i 2% > £ 7
RSP ACC(91.34% ) . WL 4.

F4 HAERZE R

i ACC(%) Fl-score PRE REC
VGG16 8628  0.871 0.872 0.868
VGG 16+attention 8936  0.891  0.890 0.893
VGG 16+attention+LR 89.86  0.904 0.907 0.902
VGG 16+attention+SVM 9034 0897 0.895 0.898
VGG 16+attention+RF 90.73 0902 0901 0.903
VGG16+attention+Stacking 2 BT 9134 0.907  0.908 0.905

ACC: ERIJE s Fl-score: F1 204 PRE AH 0 REC: 43 7158

TETH RIS, B T TR A S 2 R R AR B A T
B MU Z R A 2 5 23R L3 Y Stacking 8 2% 2T Y 31
BB — A JCHERR A i), ACC I A8 fb it ik T HAE G —HEZR PN (1) T
Bk,

= H5ik

ARWFFEHE T — RS A B I LE R IR VGG 16
W 4% 5 Stacking 8 B¢ S B ARSS G IR AR £ 4 THT
B B G 22 RO RRIE SR 5 FILEE T Stacking B 2 2 #55Y
B 243 JEBER (LR (RF \SVM) @l A B9 R, SE B0 1 3% T A i
7 BRI 8 I IE 5% B2 B 107 I o B2 g 10 52 B D O 1
4432 TR T4 B NAFLD fi9 88 7 RGO 0, I A1 12 0 72
NAFLA 732 P i 22 o ABIFFE R4 R A 3BT 1 ACC R
91.34% , WA FAL GE bl 2 W 48 vk o S5 SRR B AR T 1 25
MIVGG16 ML, 5| A A EE I HLHIES ACCHE R T 3.02%, f#
JH Stacking 8 B2 2 SRR Ry 43 21— A ACC Hi 89.36%
PERE91.34% , ABFFT T4 H 1Y SRR 4 1 105 9295 1)
BlAL MRS B T AT R

ARG A A SR AT A — S R BR M - AOG L T
7 EUG IR T I 25  FE AR IR AR A TR A0 o A T APl a S FR
il , A J5 TAER Aok [ 20U I T8 B 4 91 5 A X 3k 4y
L AR A A ) S R o I AR AN SRR 1 i — 2B
WCHE 1% 0 % B 2 T RS L0 ARG 0 W 00 g 195 I 90 1) A 3h 4k
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Ultrasonic diagnosis of right cervical tracheal diverticulum : a case report
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