314 Journal of Biomedical Engineering, Apr. 2017, Vol. 34, No.2

% FEZREET B4

&

ETF REZESIM
R R i R
MR, %W, 238, KRer', 22 AEH', TXE' %R EFEA TR

LI PR AR e 2 TR A (T ZR IR 518060)
2. s BT OR A2 PP B g (Frifs)

(FZ]  H SRR B o PR SR TR A IR, Xl B R A AR R ERR IS W7 A5 3 B G B
PRI D 1 R v SOt R X S5 B, i THE DR~ BRI TS WL B2 T (CAD) BIFSE O M B i o I 4F
K, TRBE 7 > BRI T7 T A BSOS TR HED o AR SCHUB TR JEE 2 21 I TP i =~ P T S B
B2 WT BT HE e T LA 2R o AT A AR EE 25 ) 7 MR 23 RN o 2605 T e 7R 1 HUAR e 2 2 > T ik BB 9 2%
R, AT BB FE S 8], AT B I R AT AT o

(RBERT s BR2lg; BT MR HUHENSIT IR M s

Research progress of computer-aided diagnosis in cancer based on deep learning and
medical imaging

CHEN Shihui', LIU Weixiang’, QIN Jing?, CHEN Liangliang’, BIN Guo', ZHOU Yuxiang', WANG Tianfu',
HUANG Bingsheng’

1. School of Biomedical Engineering, Shenzhen University Health Sciences Center, Shenzhen, Guangdong 518060, P.R.China
2. School of Nursing, The Hong Kong Polytechnic University, Hong Kong, P.R.China

Corresponding author: WANG Tianfu, Email: tfwang@szu.edu.cn

[ Abstract] The dramatically increasing high-resolution medical images provide a great deal of useful information
for cancer diagnosis, and play an essential role in assisting radiologists by offering more objective decisions. In order to
utilize the information accurately and efficiently, researchers are focusing on computer-aided diagnosis (CAD) in cancer
imaging. In recent years, deep learning as a state-of-the-art machine learning technique has contributed to a great progress
in this field. This review covers the reports about deep learning based CAD systems in cancer imaging. We found that
deep learning has outperformed conventional machine learning techniques in both tumor segmentation and classification,
and that the technique may bring about a breakthrough in CAD of cancer with great prospect in the future clinical

practice.
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Tab.1 A categorization of the deep learning methods and their
representative works

Al RN Ty
JETCNNRY
Ik
FFRBMAY  IR(EBEM4 (deep belief networks, DBN) ,

Fik WY H 2% 2 M (deep Boltzmann machine, DBM),
TR RE AR (deep energy model, DEM)

AlexNet, Clarifai, SPP, VGG, GoogleNet

T ARE  FREL A ISEF (sparse autoencoder, SAE) ,
W7k M A 4% %% (denoising autoencoder, DAE) ,

W4E H 4ifid 4% (contractive autoencoder, CAE)
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Fig.1 Training flowchart of CAD system based on deep learning
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Tab.2 Comparison of the results of different segmentation methods based on deep learning

. BT Xof b R
ik FIGER p25ds
BT SrEIEER FAT5: Sy EGER
B R SVM Gray+Haar+3D-CNNs  Dice=0.871 4+0.037 2 Gray+Haar Dice=0.833 8+0.036 3

MRI Ff& SEN=0.922 0+0.041 7 SEN=0.873 0+0.051 0
Dhungel  ZLBR4H4  SSVM DBN+GMM +Prior+ DI=0.88 GMM+Prior+Binaryl2  DI=0.86
e Binary12
Dhungel FLAR4HH! CRF/SSVM CNN+DBN+GMM+ DI=0.90/0.90 GMM-+Prior+Pairwise ~ DI=0.88/0.86
f;"‘f:[lé] Prior+Pairwise
Cha 217 CT jREE  —— CNN+LS JACCARD=0.762+0.118  CNN JACCARD=0.662+0.118
Su M FU e —— fCNN PREC=0.91+0.015 THLB PREC=0.74+0.04
FHEG RC=0.82+0.02 RC=0.81+0.05
F1=0.85+0.01 F1=0.75+0.03

Gray: JRFEZASH; Haar: Haar /NEAEHR; SVM: I FFEAL (support vector machine) ; GMM: fmfiiEA %Y (Gaussian mixture model) ;
Prior: MR RGO B K/NFIEARSEJE86 A0 ;s Binaryl: FREFEIFETT] (the label transition penalty) ; Binary2: BiHXfELAETH (the pairwise

contrast penalty) ; Binary12 A2 T{44F Binaryl I Binary2; CRF: Z&{Fffitlli% (conditional random field) ; SSVM: &§#4 34 t#]l (structured

support vector machine) ; Pairwise: Pairwise #ei%%!"”; THLB: JEFIEICELT I H 5 5 (texton histogram with logistic booting)
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RGN 59 (low grade glioma, LGG) #1743
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Tab.3 Comparison of the results of classification methods based on deep learning

B WARES X e v
ik G - -
T Aok SyEIgE Ay Sy
Hua %5 fili%5¥5 % DBN/CNN SEN=0.734/0.733 SIFT+LBP+KNN SEN=0.756
CT & SPEC=0.822/0.787 SPEC=0.668
Shen %! JiiZs 15 iy MCNN+SVM/RF ACC=0.858 2/0.856 0 HOG/LBP+RF ACC=0.759 3/0.736 7
CT F%
Cheng % JliZi¥if)  SDAE ACC=0.874+0.033 CURVE ACC=0.778+0.029
CT F% AUC=0.941+0.019 AUC=0.860+0.026
Cheng % ZLR#8A  SDAE ACC=0.824+0.045 RANK ACC=0.779+0.054
&% AUC=0.896:+0.039 AUC=0.858:+0.047
Xu &4 FLAREER SSAE-+softmax AUC=0.899 2 PCA+softmax AUC=0.861 6
HEG ACC=0.8370 ACC=0.775 0
Xu 2P AR PR SSAE+softmax  PREC=0.888 4 CNN-+softmax PREC=0.882 8
HEG RC=0.828 5 RC=0.776 0
F1=0.844 9 F1=0.820 1
Arevalo 2529 FUIRAHML  CNN+SVM AUC=0.860 HCfeats/ HOG/HGD+SVM  AUC=0.799/0.796/0.793
Arevalo £ ZLAR4RTR CNN+SVM AUC=0.8240.03 HCfeatss HOG/HGD+SVM  AUC=0.77+0.02/0.77+
0.03/0.78+0.04
Fotin %2 DBT. #Lit CNN SEN=0.893+0.033/0.930+ BT . BREE . SoEA SEN=0.832+0.040/0.852+
H4 0.046 (BEALEE bR TER A+ PR 0.065 (BEALEE e
ROI/EHE ROTD) ROI/EHE# ROTD)
Wu %2 xFeiE  DBN+AESUEIEME ACC=0.863 6 KNN ACC=0.833 3
A ES
Liu 2B FMRAEA  DPN+SWMKL/ ACC=0.924 0+0.016 7/ PCA+ SVM ACC=0.888 0+0.004 5
E3EEA SimpleMKL 0.908 0+0.011 0
Liu 20 HFIMEE  DPN+SWMKL/ ACC=0.777 8+0.045 4/ PCA+SVM ACC=0.680 6£0.027 8
FHIRPE SimpleMKL 0.736 1+0.053 2
JIEES
Shi %PY AMEHEA  S-DPN-3+SVM ACC=0.924 0+0.011 4 PCA+SVM ACC=0.888 0+0.004 5
ESEEA
Shi 45131 AT R S-DPN-3+SVM ACC=0.902 8+0.027 8 PCA+SVM ACC=0.680 6+0.027 8
b
A4
Abdel-Zaher WBCD DBN ACC=0.996 8 BhBRRE | g/ NIEIR ACC=0.995 1
s H—HE & +SVM
Masood %515 iz J4E DBN+ SVM ACC=0.89, CE=0.11 SVM CE=0.197
ESEEA
Codella 54 gz Jik/sE CNN+WERHfG+SVM  ACC=0.931/0.739 (BAaJ% vs.ilF —— —
S AU R IR /A R vs. A
Xu %0 M CNN+SVM ACC=0.978 SIFT il LBP 45+SVM ACC=0.778
PG TR {5
Carneiro %52 ZUMU4HH  CNN AUC=0.91+0.05/0.97+0.03 — —

(InBreast/DDSM )

SIFT: RUEAAFHEAH: (scale invariant feature transform) ; LBP: JR#f — i #il#i3( (local binary pattern) ; KNN: k fii4F%5 1% (k-nearest
neighbor) ; HOG: J5 & 55 (histogram of oriented gradient) ; RF: FfiflL# M (random forest) ; PCA: FEM55#r (principal
component analysis) ; HCfeats: A T#HUFE (handcrafted features) , fFE%E | JEIRFE P ; HGD: #)/¥ 2257 H 7K (histogram of the
gradient divergence) ; SWMKL: #iI A Z4#2%>] (soft margin multiple kernel learning) ; S-DPN-3: 3 MR IRE LWL (3-level
stacked deep polynomial network) ; WBCD: gk 2 FLIRESHE 4 (wisconsin breast cancer dataset) ; CE: 43J8451% % (classification
error) ; InBreast: FLIREHHIEIEAE; DDSM: HFFLIE X L EIG 5% (digital database for screening mammography)
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