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Application of deep learning technology in disease diagnosis

WANG Wei, LI Yu, ZHANG Wen-juan, TIAN Ye, QIAN Ai-rong"

School of Life Sciences, Northwestern Polytechnical University, Xi’an 710072, Shaanxi, China

[Abstract] The rapid development of deep learning technology provides new methods and ideas for achieving the goal of

assisting doctors in high-precision diagnosis. In this paper, we summarized the principles and characteristics of deep learning models
that are commonly used in disease diagnosis, including convolutional neural networks, deep belief network, restricted Boltzmann
machine and circulation neural network model. Then we introduced the application of deep learning technology in disease diagnosis

of several typical diseases, such as lung cancer, breast cancer, and diabetic retinopathy. Finally, we proposed the future of deep

learning considering the limitations of deep learning technology in disease diagnosis.
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1 REF3

R R M HZREE RSB H 2
AR L PR AR Ay BT 221> b B )2 AT EE Ab 3L
Jrkt ) B AR R R TR BT i 4 1 &
kR ERR (BHESONSRAE ) |, R4
MAXFEFRIR, I RRR KB N ERE AR 2z 2]
B A BURFIE 1) BE

w4, TREE 7 2 BORTESR R 12 W il s 1
FMEHEDERE , L H MTE T E S BRI i P 2
AN, TEALERSCPRIn T, {225 42450
5l 22 JE AR Ltk AR B ) 1 ) 221 A B R A T AR AR Ak
HRCT TR R 2 >0 A 380 A 0o 245 25 4 3 ] A
FEMZ 4% ( deep neural network, DNN ) , DNN

Convolution Max-pooling

Convolution

HAG 24 5 ORI R 5 A 2 ) 4%
( convolutional neural network, CNN) . fEFMIZ
M &% ( recurrent neural network, RNN) . H 3%
fib#s (auto-encoder, AE) . WEMGE &ML (deep
belief network, DBN ) | ERXIHiM4% ( generative
adversarial network, GAN ) | i~ >] (deep
reinforcement learning, DRL ) &, Hrp CNN,
RNN. AE. DBN SE7EHI2 W © B 281 1k
i i

1.1 CNN 1962 4 Hubel Hl Wiesel sl 12 Xf 4 isi
PLvE Kz AR IS, PR T2 HT (receptive
field ) 4%, 1988 4F, Fukushima''1§ k¥ T /&2
PPAE SR T A2 A HIML (neocognitron ) 57,
ATLAEAE CNN B2 1 DSEBlm s, (EA2BRT 24}
YR TR, MZ NIRRT Rz
M T AR S AE R T LA AT
., CNN A BTN T 458, e e R
Eb

CNN FHAE 3 FIMEE. BHZE . Wik)Z

MaedEZE, B 1 CNN BRI EHLZRE, ]l
Ho&H 2 MERE.
B2,

2 MR 1 e

Outputs

Max-pooling

B SRmEmginEE"

Fig1 Architecture of convolutional neural network"!
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B

WE 2A Fr, R 4% 80 R il i 2 R
BEXE 7X 7 R WEGHTA R, HERR I &h
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AENFRN 20% . BUE ISR S /A 20T
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3X3 BN, R SO X —
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A b A ) S 48 AL 80 i A 7 1 L P i
ABFREMEED. WE 2B FR, FHERKN N
4X4, WAL Lo 2X2, WAL HFE AR 2,
TR L WA BRI 21 2 X2 AYRRAEIR . e F
ERAFAEIE B BER AR B 25 AR TERORHIE, [
8T T — 2 B e, AT )RR TS5
ok, PR S

Max-pooling
20|30
12|20{ 30/ 0 nasr
81121210
3470137 4 Average pooling
112100 25 12 13| 8
79| 20
A B

Fig2 Convolution and pooling sampling methods in convolutional neural network"

A: Convolution; B: Max-pooling and average-pooling

1.2 % FR3REZZH (restricted Boltzmann
machine, RBM ) RBM /& Hinton A Sejnowski 7£
1986 AF42 1) —FARAR TG0 it 1 2% i Bl LA i
P2 M4 ( generative stochastic neural network )
Mg oTE LM oT, Ho i A TR
R CORBOEFNHAS ), @R PR e RS
B, ZMNGEA 1A ILZR L A RR)Z, BN

Hidden layer

Visible layer

HRE, WK 3A Fias. E4h, Roux Al Bengio!” bA
it FIEW], RERHBITEE L, RBM i LIRR
EREM B, K 3B ik T RBM N HFEIR
AT ) A SRR . T, RBM O 1
BT THLARSE T, Wor2s . [E4E . et )y 51 d
55l PR A R ARAE B AT

Hidden variables

Hidden layer Q ?

Weight coefficient

' || Bipartite structure

OId\P
PO D
oo Re

| isibl iabl
A mage visible variables, B

3 FZRIRZESVNERLEN

Fig3 Basic structure of restricted Boltzmann machine

A: Network structure of Boltzmann machine; B: Application of Boltzmann machine in dimensionality reduction or feature extraction

in image processing
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HHEZAES 14 RBM 1 7, EHE FRPB)IZ
ZTZE, REMETTRMETZ, XFa—Ml
SRR, AR AR TR TR 1, I
B PR 0,
14 RNN RNN 2—MELITHTFES. BE%A
S SEE R A T2 %%, b2 BT 4
TE R — B gE RIS, Bl RNN BIEE T —AN R 45 (1)
WEBIRZS, 2 RE R RshSmntalfs . 5EA
T8t DR 28 8 ) 1) L AR A 26 U 25 R ], RNIN 1] LI
ML RIHEEAZ, 78 ASRIEF AL HE T3], i
B U AR BT 5555 T S E AR TR RE

RNN MK EER IR 4 s, 7ebk A [
EHiA X Ffat b, Hol 1 AMEA R
ZIAE BB R M4 0 N —mEZ . HET, RNN Al
CNN 45 G 15 VR B 2 > H R AE I 12 W 7 1T B

Jr
O,

©

B4 fEREEMEHERLEY
Fig4 Basic structure of recurrent neural network

Block A is connected with input X and output /
2 REFISEFISE

VPR, 3 TR RO . R . KA
BRI R, TR AR AR 1 0 IR
B, VR ST HR TS 1 B ik
ST AT 19 200 FORLRE . T, VRIS ST A
(EBERTIIT R AR e h TR SR (lesion

detection ) . FUZ4rEIFIFR AR ( segmentation
and shape modeling ) . ik F| &1
2.1 B R AR AISET R K et L X
NGB AE A B R R 2 — LR
WYY B OCE 2, TR > BORTE It (1) B0
W 2 BUS AR KA R

I TR 2 o FOR Bl B2 W It R T R X
i B SE AR B AT AL BB, L4 BR 2 AR
P PR B SR R L M SR I S R, DA
BRSNS 4 A3, Sun N 2016 4F
) FH AT PG B s E B B ( Lung Image Database
Consortium, LIDC ) Fdl 72 v iy Bt ik 17 IR B
= 2 B W IR R AT AT s I 4K
it 2 AR SRR 22 I R B AR i #E AT 43 F1 I 58 ik
KRFE . B IER, RIF T 174 414 HEA,
MREAHRIE: 52X 52 RZE K/, HXTRE 1 AMe%% .
AT I3 T CNN, DBN FIdfl S Mk F] 4
( stacked denoising autoencoder, SDAE ) 3 FhigRJE
SR, R 3 AR ) e ElcE A T Xk
R, AR5 7E Al B A S ] f ML A
IR 28 DRFAERE T2 7r2¢, CNN. DBN
M SDAE 73 JEH & 70910 0.787 6. 0.811 9 F
0.792 9, ¥MN LG A ML B2 B R 48 01
fit. Anthimopoulos 252 f7F M3 CT 93—
A G rh & 3] 5P i 5 s A A = At AT
A 19 DNAEIENZ T 1 4~ CNN, REH
32X32 BEK/NARN T R 53k 7 26y 1 25, #H
LT Z A AN THR IO ¥, 1% CNN i i i
WPk R 6. Coudray %" F 2017 4EH|H M
FEFLR K1 ( The Cancer Genome Atlas, TCGA )
RS B il A M A S B RN T 1 A
CNN, %% 2% fit Y fff b {45 1t 248 Ji 2 23 2 2 PR
PN . SRR L RN IE R R ZH L s A
T gs Sy 2 A (area under curve, AUC)
BET 0.97, BEIET AL, b,
Coudray ZE"R I 25 1 25 0 26 S To0 I s . i
H10 ANE LB S AR LR, LT 5 AR PR B R Ay
HERR N 0.733~0.856 o 4 T HERHR MR T4 i
YRR Tk, T — 2D R R 2 2 R
Xof Jii 9 2 S0 B MR AT 05, IR T
AR ARIRE, Rk TCGA FRAFHE 1600 5K
il ZH L B R, I BB IR L Sk



* 856 °

B ZEBE R 2018 4E 8 H, 5539 %

EFNMALE , ARG RN T AR BIR  HR A
7 512X 512 1R K/ EGFEXT Inception v3 #5
RIAT ISR, it gk, RERIRE X IR X A E
X, H— FURAE XA, BIRIAE A S
e AR A0 Mg, SRTI0 e R v R S5 5 BRI 1Y
GRADIRA 3 FeABIAYIX 43 B U v FE # U0 R 1Y
AUC =ik 0.99, U RS BRI A9 AUC 15
] 0.95, 22 4R -Jr B2 A 1 11 ( serine-
threonine kinase 11, STKI1) F1Z& iz 4= K122 4
(‘epithelial growth factor receptor, EGFR ) 587 Hk
B AUC 435104 0.82 1 0.86, FBHX WA SEH Y
SR P RE LA R I 2 WARAE R ] DL 2 I 2k
CNN SRAUX LEHFAE
22 SRR LIRS AU TR B REAE
Z—, Rl e b, HRII2 W KRS G
SPGB B L U KR T T 53
Mro fEZWnd B, L5GEE LT 7 SR i
BEEUGITAT AR TR FLIR S, Kot i Fil
QI Z AR ZAT S5 FERT S, iR &R H sl
FZWT TR, i, AR 2238 TR BE 2 > AT
FLIRIE 2 EBGS T AR o
X 2R LR A L e A IXUSE 1) T s 7

Z—, WUNBHEIN— AT 4 AR AR
IR 54098 240 (breast imaging and reporting data
system, BI-RADS ) FLIR% 2 B vEAl LR %
&, {HUERTIX 5 BI-RADS FLAR% & 2050 1+ I
M. Mohamed 2" T H AT 7EALAIAE RUFLIR X
LERGHIAEIFIIZ T 14 CNN BIRL, T Em P
UL B AT 4128, DA IR LR Y A 2R
WU, FRZAZBRL IR 2E1) AUC 3521 0.988 2. 2016
AEFN 2017 4F240 CAMELYON ZRAIPk L FEES)
TG LT G o 2L e A% 1) A ShAsm # sy
KEH I EMIA R Az I S n B
Wang 2%y 38 3 3F45 T GoogLeNet, AlexNet,
VGG16 FI FaceNet 4 /M Tt TR I 2 > B Rl
or i Ao S R e AL i fg L A I G T
YN ZRIF BRI TR, 2 A A5 ) AUC 1
IKENT 0.995, FWAN FHIREE 2= 2] HoR AT i 48
IRELIIRMERGPE . 7E 2018 4R EPREUSZ T 510
28 (International Conference on Image Analysis
and Recognition, ICIAR ) %Jpf) BACH (ICIAR
2018 Grand Challenge on Breast Cancer Histology

images ) PhIEFE I, FEFRIEE T #MLMY 400 5Kko%

JeEME CIERAZL, RAYEMIE . TR A g K]
F 4% 100 3K ) , Golatkar %" Inception-v3 147!
A CNN X FLBRIE AT 143283, DIPPAR TR
JE2E BN TR ZLIE W T, 176 4 DR
CIEH . RMEME . R . BEE ) msrde,
TREE2: ) B RS BEA R T 0.85, 7E 2 M4 (dE
FEREFVERIE ) (5328, HORREIAS T 0.93, HifE
PSR R A
2.3 ABRIRALIEA I MR A R A —
P EZRBECE LN, WA 20 240 5 4
Ko . WF5E FRIIE 1 0 30 B RGP R
AR DR PR PR S A 1) e A R P2 X AR p i
T, R LI R TT o

Gargeya DR IR 24 2] Jr i R PRG £
HhARR 7 137 AR R #1771 R57
B, DIASEINAT TR st R e A,k IR IR B 2
SRR AUC TT3k 0.97, REUEFRER />
B 94% F 98%; S T MABIAL e, I%HT
AN SUAE Messidor-2 1 E-Ophtha /A M8 4 4
HEAT TR, A IZEAE) AUC 3508 0.94
0.95, HAERRERE. SHEIHEIFEN T
TREE 2% 2] I A2 Wobs PO AL I B A8 i T A 7. At
I 2017 4F 1 2 7 AIAZET 186 MR &
H (372 5k ), PSR BRI T AN TARIE,
BAREAG 42 FRIEFEF . 330 SAIER KR (62
S AR B AR AR MW R O D RS AR [ 7L 55 sk
JEE ARG A PR s IR I S A2 (6] Jr . 155 sk
AR MO DR o PR DO RS A8 1 7. 58 BRI AR AR IR
LB AR ), B R 2 S BRI i R
TR R S 4 1l 89% 1 91%, BB F A
LXK
2.4 FTR¥HEZH A ( Alzheimer disease, AD) AD
o — R B A T e R A P 22 R AR T TR
5, B UL ACRE R R B8 8 FE MR AR B AR o T
AD WP EETE S HARYE RIS 2 Ty E e,
TREE 7 ) J5 50 AD W2 st 7 B R oTik .

I AD 202 3T T I I G AR
TPy s X BB REAEZE SR V0 Z50RS B 4% R Mg ) 32 22
AD MBS REER), WIARFR . AR O E RN
R TR S HARBOr N F R E R T H,
INgEPEREILIRE % ( structural magnetic resonance
imaging, sMRI) . IIREPERGILHRMR ( functional
magnetic resonance imaging, fMRI) FliEH +
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KGTWiZ A4 ( positron emission tomography,
PET ) . Hosseini-Asl Z5™ 2 H T 1 Fh =45
224, Eat =BT AL T (3D computer-
aided engineering, 3D-CAE ) %:>J 3 H sh2BUR
A AD FRE, 3KEH AD 51k, Jft—4
¥ 3D-CAE FililllZiy CNN JHT 0 — Bl se. i
i e KA L X B — )2 R RHIE B HEA TR SRR, U8
INFEIEEL RN, $R BRI R0 . B i g b
PRI FH T AD #2218 2% ( Alzheimer disease
neuroimaging initiative, ADNI) #(#E4E, 1ZARIYE
AD | B2 DR L) R B B 1 RRE ok HES 2 79 T8 4328 LA
K= 2T rh A AR St fe , a3k
BT 94.8%~100.0%, ST m AISKIHER R,
Bk T N TR REEARTE AD 2Wih iyl 17k, fEik
TN T REHOARAE B 7 sl i A

)5, Sarraf A1 Tofighi® il CNN HA 4 Y
LeNet-5 HEA45 438 13 AD 9 fMRI Fil sSMRI %4 1t
1T, 5 03kE T 98.84% Fl 96.85% [HiZ W
HERfR, ORE UK MRI B TR 5E TR
2 2 W IR A5 AL
2.5 HEAbkdm bR BdRgpAh, EE IR A
GEAH FH 45 P B 2 2] 5 etk A 7 HAN 2 BB 0 1 12
Wi, 4 Esteva SFC7HYHE T RE [ F AN 52 R Bk
FERURBE 24 ) B . Han 52 12 Fos s 16
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DR BE AR AR . BRIRANAE . b R 4 AN
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