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Abstract: As the most active research branch of artificial intelligence, deep learning has achieved significant

improvements in fields such as computer vision, natural language processing, and speech recognition, and its applications
in healthcare have also become popular in recent years. Deep learning has made achievements in medical image and
signal processing, computer-aided detection and diagnosis, cliniqal «decision support, medical information mining and
retrieval, etc., which shows great application prespeets. While introducing the principles of deep learning and common
deep neural networks, this study gives'a systematic and comprehensive introduction to the typical applications and latest
research progress of deep learning based on clinical practice and published papers. Moreover, the discussion of difficulties
and challenges of'deep learhiﬁg in modern healthcare is included in this paper, and some solutions or ideas are also
provided correspondingly.
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YETIRE S ] FE RN THEAE ML (artificial
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A AR OX R 0] R, BT R AL TR B
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W £ 25 KK A% 48 CNIN i i #5 TN 4452 /2 A Softmax
BAEDBRUZ B, TREA M E H S ZE
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{7 FE43 1 S50 J AR . 76915 DAE IR (%, B AL
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A GRS iR e f 5223 B S, LR T
sl U-Net 107 B4R 1160 75 5.4 5 085 0, B 1%
DTG A R I 2440 BURCR. A CTL MRI
3R K2, % T 3D R 1 43 0 75 R ke
). Dou 252 it SEHL T 3D R E B M 4% (3D DSN)
B, P CT B e 6 A 35 2 ATV 43 31, A
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b b e, T EL R S A B 4R T
1% (BT CNN HIHIRJR o) 4RI K 1
AT SR, S5 T 38 47 B 5 S0 H b
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T BB 2 (0 0 R, 5 R VIR A 1 26 5
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DL S AN 73 H 82wt 45 (variational autoencoder,
VAE) SRA4H B IE WA A] LR S 3R T 40 BIREFE, 1R
s RE GPU 58 BB B (Il /4T 55, 345 T BraTS
2018 LLIRMEE 4. 3D BIUE A AL B0 T 11 5 Rk T 1 2R
Wi, AH 2 X LR i A T AL R R R A =i B
W Je, IR —RIREL ) N SR T J1 I SCHE.
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TRk AR AL Ar FAR AL I e AR, IR T 24K
A BRI PR R 7oK, TR AR E 2 1E B,
DL 09 175 12 W VP Al R R DS AR B IR R 27 52 1R
FE I PR A 0 KB, R B 1 s OIS 1 43 B K, AR
ML R IR O R RBOR O T Bk

2% 27 PG ORS 2R 1) O Bt 3 2 AP O 2 s AL FE 4
. 55 b, T 1 20 BIZKE % (Gontent based image
retrieval, CBIR) E‘]%ﬂl’, %B%%éﬁﬁ]\ﬁf K14 52 i B
FRAERREL, Hun WK SIFT. SURF ZEAFIEHA,
IR X SRR AR A7 i 75 B8 i i, FE 2R 2 R IRk, 6
Tor 2R A HORE T3] P AR AE b BCHR A, PSR F BR R 9
AR SL AR BLRE S 48 b R AT B AH AL RS, A & A
BAEAALEERT L, HEFF 5 R [ 2 2

AR A G ST AT RAAR T A ERE TR
LU0 KA HUE BURAIE, X T 2 B 52 A8 B RFAE 3 AN
FEACLRE LU e AR PRI, TR B2 5 IR A — Fh R n % 2,
A LA E B3R5 3G AR K. Anavi £ X 11
B X Oth, ¥tk g BUR AL BEOR BRI SIFT-BoVW,

LBP. Binary RFE A { ] CNN $2ZE IR AE 0] b, 5.

SRR CNN S UG SR AEAH B % 28 B (R 1T
K2 MR AT, Qayyum 251 fe R i 5 AATF 1) % i s
= 25 AR B AR, P BE SR BT 25 B HEAT 24 032K
(PRI IE BRI, AR SR P M B2 1 19 7 SR 25 CNIN,
I DA 4 F R i 1 3 A4 B2 2 4 AV N RFAE 3RO,
MRAF B 2 BEAS BUGAS T B IA 3 69%, MH IR Z&1F T~
P T e Sk, Swati 250 )T B #4045 46 R
MRI B4, fE& 1 VGG19 W& 550, Ik d FH &
22 1E ImageNet T 120 Ji5kHH 1000 73 2br28 1)
H AR BUG B0 4 L 2R I SR A R S 5. AT bt
RUFF4h, K 5 4G VGG19 PIZ% ] FC8 M 1000 43251 %
R EARMESS B 3 432K 0, 7 CARERT 3000 25K MRI
ol 4 MO RS, mAP A F) T 96%, 1% R
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RIS 5 2% 5] Bl 95, RUR4ETHYI . Oliveira 207
fii 474522 5] (domain index) AbFE 2 75 20 PR 2 [ 24 5
1%, Bttt 7 AT LABR LS R 0 R G, TR
Bt BRI S BT B IS S AR I Het i 2 FLoA — 52 11
B E, FIHEHESLIE AL T AL T % R 2
(R Sy s 78 T4
33 BFESAE

G AT 5 2K 02 2 BN, — FBE A T ] (s i A
Beo NP7 SR A 15 5 A7 AL, T B4
5 R [ AT A T 5 S 3 .
SRIG, R L FRME G Fah LIS SARE S, FEsel
R0 523 SIS AR S . YRI5 S0 4K 2 KU 5
SR 72 R B 1 25 ST 55, 10 6 PR VR P 2 5T b B
[N 13 S, T DL BB B A £ 5 N TR FE 25
2RI SRR AL HARIT 45

Acharya 2% 528 T X ECG 15 5 0 KW B
W4 PR RNEAT 0 2K, AT TR T 11 /2 CNN, 2R 548
ECG Gl 15 5 STRE I B NI 28 0 2 T 6
{25, 1EBAEAE L TR 53 K TR B T 92.5%, i HL
TR0 T SRR Z LA BUR PR RS, 48 e
FESRTEE] T 94.9%, I B 22 Joh 28 7 140 BRI 0 22 1 2%
A5 BT A2 2ot TR o 9545 B 47 20045 (. Hannun 212
K CNN, H¥ IR FE Y e 21 34 )2, (AR A B
K HURE KT P O S0 1 g, SRR 0 e 2 6 e
1 14 43 AT 5. {F FA 15 48 252 2 150 LS00
4 R 50 PO SR X L, 45 SR R 4 K % %
TSR 43 AT 55, VR 2 IR FL $B AR 7
TR FbRELS R, B Rajput 200 (BT R, M1
IR 4 ECG 5 53479 U1 43 B, SR A 7
IHh A /N A X ) — A5 A TR A, AR SR
B 1% A0 B 1) K e A1 A\ 2 DenseNet A, 7EAH &)
WRE F AR EARTF Hannun™” 19525, CNN FI4RE 2~
SR E, B BT ECG 2 {55, RNN 5 LSTM
A DL RIS B, T2 Andersen 2501 $1H
7 CNN-LSTM BB VR E 48 4544, 1556 FI ] CNN
FRHIE 72 51, TR LSTM #EAT 5912 51, R
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I A SR DA S 25 S R P R e T I R kA, AN T
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ICD (international classification of diseases) & tH 5t
DA e MAES I NFSBIR AR AL . G217
KAGE, B A FE SN X A o s 7 SR8 B th A A
FKIVE, ICD X FBy7 DA AL PR
BOCE RPN H A, 24 85w 1 H RN LAREE
JrEORTER, EE TR A ESRE H R %2, RE IR
TR IR 2 BRGNS SR B, RN AR 2
THAR KBNS 77, 10 ELAE DA PRI A i 45 4L A0 e At 2 A —

vk, Rk, A1 B R LSR5 ) 0T BESE R
ZATS, B B ARG S A F R, AR 2 Wi I
B 58 A S0 B G B AT 5. ICD 432K %2 . S0 I 4y
ARANIEI T, A& — A R W P 2 2K )

Baumel %557 xf Hof#i il SVM. CBOW. CNN Al
HA-GRU DML, SR 2 31 MIMIC #5045 48 578 Bk
ICD-9 i 4 fi, Horfr SVM K T TD-IDF % A
WTHEAE, 11 CBOW Al CNN #R4# F T #1125 (i A\
i) B KR FFF. HA-GRU =& —FZ H 1R A GRU M
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2%, KR JE WA GRU B 28 4 h%iE 4], 2080 E 2
W) GRU W2 FH T 828U 2 B A 15 A gmid, 1X Ahis ik
FE KRR GRU AbFE KK SCAR 2 A 1 BB 2IURT 8 R 45
2K, 45 B IR HA-GRU A E 36 28 S 5 R #2710 2
Qiu 2 K N TARIER 942 4373 2545 AT I 2%
P AL XT ICD-0-3 Ji hE 7 0 dm Y, £ TD-
IDF {E g Binl BUEE 2644 F, 454 b3 DLt iy 38 4 [l
H. SVM 4% 415 258%, [F] CNN SEILH H shRFAE IR
HUR A3 2510 45 FAox b, 25 SR8 ONIN 5 343 28 35
HH &ib. Mullenbach 2504 S H 745 Attention L[] CNN,
{8 Ff MIMIC-TIT %45 245 1CD-9 4 i, AR A L
Z B HA-GRU 5910t W] B 42T+,
3.42 SURHHRIZHR

SCASEAR A28 T AR FH T HF D S5 R A Il R
WA SR W EMRN, (5 RiE s RS =
4 ExtH Haiﬂﬂ%%é@j‘t%%ﬂ%«%%%mmuE‘J%%%
GiabFE, (H 2 5 WA 4 TR A B, DR ok
22 JEE L8 2 20 10 7 V2t A P T R R 2R R
H A1, S8 B ST 0 TR AT IS A R, R
Sl iy 44 S AR, T SEAAR IR OC &R, I A L
TR I 25 i U B A R 7 0 AU PR A L Y
HENEIT . BT B B e T iR i) 2 4 BRI T
A A A AR 1 R R AT

Yala 2555 S FH] Boost 595 4b 3 3 Jig s B 2 4 47,
SERRZ A 20 B SR A8 T 2 SURR I SR A
() BhAR B 28, HoKe I e B ¥ B T 5 AT 45 WAL AT
figg A7~ . FLR AR oy R R T 90%, AR F

LU 0 T 3 28 SR 2 R A K 2 T T AR

Borjali % JR R T SRR 2 S0 ik A SOR T B 7
105 TP X 15 . SEROMES 7 R R AR R 4
T AR, DA G B A J5 AL ) Rl AT iR 56 A
FHV S T 2R T HA-GRUPY 2 48 4544 BILSTM
AT CNN PR B P 2 B, i 2 48 SR o Bk IR 2
177 R W) Kappa. 432K FEFR PR IH 2 5 T K-NN. Bl
LA SVM S5 N ARF ML G385 ) Hik, JF H
CNN HIRCR B P T 24 BILSTM (S8l [HFEE T
J&, IBM. Google. Amazon. PR KA LA
"), LA E W AME 2 BT B A b, AR TE RN AT JR R
JEE 25 STAE D7 AU R FH 55 e A AT % A )
ZI0H AR IR AE T BT i Al .
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CAM #1 Grad-CAM“ ™ sl ¥F A Fr B, (B4 )8 - Lu e
HURE O 703, JEE L, NN B 25 75 7 25 R0 it £ 258 18,
TEBATE T A S 100 45 2 0 B R AR 52, (L 40
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S, ALE S B IR T RHEAR T XA 40 2 U
e TSRO, 1 6 RS BR o4 5
L% 1111 Grad-CAM 22y 8, F31 vk ) 3 7 ) 4
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(a) B3 X 6 H (b) B15.43 25K Grad-CAM A J7 F&

() it CT B
6 E1Gr2MorEUT %1 Grad-CAM #4J71&

(d) B1853 #0110 Grad-CAM A1 &

5, BT HURAE N — AN B A s, &
6y = B 1 T 777 2 B 5 S A MR TS A, X vk
TR AT SR SR A R A &
(A5 T EL, bR 45 A St A7 78— 2 1 00, B
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AR50 T ELIR) A AR R [ R A ARt 2
R R BT, R A A £ 2
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TSR 5% 5 STk LS4 T LA AR 6 R
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UL, P AR EE 1 A A AR 9D e 7
P77 R, KRR TR, LA SR B T 5,
Tt 2 L 75 T 2t 75 3 R A,
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I RE AR, 20 o PRI 380 3 T B 95 B8 o R AR 0 L s
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GHEATHERE . VI8, A TSR AE, RG M bR
S LN B [ P, T LA R e bR SR, 125
U-Net %4 (iR, 5 46 BR HOBRIE RE AR HEAT %
BBV AS L, YRR T RRE N ZRREAS, [RE th
LR < 51 7 T AR S 1 S, 6 P 22 AR TP
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YL B PE AR S AR L IR . Zhang %% 919 7
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i 00 24 5 L L 9 M SR FE VI G AE AR, B E MR ST
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FEI 539 505 U SRR, 8 2 K MR O 4 1 i
Ay 226 T LRI 5 ) M 2 0 28 K MURERR MR A
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52 AR DR A R I R 4 5 BRI 5 26 SR 52,
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IZRBERL, Sesa S 8ok . TR, JWGSEMIR, & |
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AL SIS, R TS TR, H TSR AR 1
9 50K PR 7 0 46 9 0 28 T 45 BE AR, FEAR 4R
FRAT S5 MR TR 2 51 07 . i B2 5175 2D EHR
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I, Liu 25T 32 47 3D AH-Net #5, & 4 F ResNet
£ R ET M2, 35T ImageNet {9 T 2R 1E Ay ke

42 %HieZ7IR Special Issue

£, ARG T B RRAT 40 3 SKAARAD 2D BRI AK
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