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[Abstract] Artificial intelligence (AI) has become a national strategy in developed countries. Al has been a great

success in many scenarios of medicine and health fields, including virtual assistant, medical imaging, drug mining, nutrition,

hospital management, health management, mental illness, wearable devices, risk management, pathology and clinical

diagnosis and treatment. Here, we reviewed and commented the recent progresses on the application of Al in the pathological

diagnosis, ocular diseases, skin disorders, medical imaging, traditional Chinese medicine, electrocardiographic monitoring,

medical robots, oncotherapy and translational researches, and summed up and prospected the problems of Al application in

medicine and health fields. With the development of technology, Al will lead to a revolutionary progress in medical treatment.

[Key words] artificial intelligence; pathology; therapy; robot; traditional Chinese medicine and pharmacy

KK EREHALEH (artificial intelligence,
Al) FAFERE®, ¥ RELEEHZTRE AL £
KARBMBEAEWE G EL, BEET AL #R
KRAXRKBOHEANEEZ, HETF L ER
Blx— g, B£2015F5 A#E (FEM®
2025) , 2016 £ 5 A XM ( “EEHN+" AL
B ZFATHERTE) , 2017 F 11 AEEH
T “H—RALEHARAXNEEARFLANE" B
B4, XBHAREEH KR Al REAXEXF
WIMEHNT 2820 LM B 2017 & 12 A%
BT fE a3 E T (E#F—RATZFE"
V&&= AT E Rl (2018—2020 4 ) ), #A
FHMETRRMEHLW R AW EKER, Al B
REZE R, HAERXZBAERARAMBEHELX
%, dx RRRNT & Al

Al ERENBEJT B RIRNE DT Y, W
WHE, EXx%E. 0L, ELRF. BERE
B,REEE, OBMER. TFEEE. NGHE
B OREFRERY T ESEY. BEWETES P
BB T AL B3 B 1R AL MR AL, ENY
P& AFm IBM Waston %, B TEFHHN_%E
M, Al EEFH G FBAAT RN LA REK, %
ik # LIYEHFAE (receiver operating characteristic,
ROC) #h% T m # (area under curve, AUC ) ¥ ik
209 UL, mETHERGNIRF LR, &£
THRERWERESLE DY, ETHFTREN A
B LI MR B B AN . T IRK B R 8RR
PEAL R AR, DA BT R X & BBy T
RMEM. EHREEFS, HHFR Al O LE
. JE Y WL AR WA 3R i T % % 0
BAFT R, HAT HWAREE., BE THK
BEBEHTHLRAK, BEFHIEATHESTHFN
BARCHELKERE LA, HERNPLEA

[Acad J Sec Mil Med Univ, 2018, 39(4): 358-365]

WHE Al R EEFHNET T EEERDT
43k, IBM Waston &7~ 7 Al L Wi fnib 57 A £ %G
WEATH, B, REBFIEZOURNS 52 E
WAL WHR T, S RERY L. RIKERE.
BRI, BB G, PEA. QBB FAMN
BN EBTMEFAFFREGR, KX
FRF R RFE LR

1 Al ZERKREZHRAB

1.1 Al 5zl TFk Al EREF 0 A
AR, FHAED G AL 7 B8 % E 2 i fo
WA R FETY AW ®, ERT AL fLAKE
RwEg R, FETREAI WA R, #&
KA B AR AR AT, B E R AL
BRI 5 T A W [ 22 k1% B FR #F it 4 (International
Symposium on Biomedical Imaging, ISBI ) T
2015 4 11 A % 2016 4 11 F 2o 5 & ki &
(CAMELYONI16) , #F %P4 T % &% 3 0
IREEEMRCERBRET R PS8 H
B, HERBEERGIFEHATLER. AEHZESF
FOARET 270 Bladl kB F EE (F5#HE 110 4
LR 160 6 ) ER NS ERSREMEE L,

BH 129 ] (HH#H 49 Gl LY 80 ] ) 1A
B EMEFEHATIELE, 1l MREMLEHEE
Jiixt Bk H#ATIRAE, SR E T AL HE 6 AUC
# 0.556~0.994  J5 3 [E i 45 1 87 AUC % 0.724
(95% CI. 0.643~0.804) , H Al xEHEEED
WA AL B R I TR IE E R [0.994 (95% CI:

0.983~0.999 ) vs 0.810 (95% CI: 0.738~0.884 ) ,

P<0.001]", xR FVREEFE S EEH THE
BT AR AMNE Y, EEERRNATEALE
=B IPE . —THF RN T i R i
( Cancer Genome Atlas, TCGA ) #( 3% E + 17 2 186
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o] i B Fm i 5 Wk 40 MR 4L R R B B B AR A
294 ] 41 4175 - (tissue microarray, TMA ) %3 &
W EG, NXBEFFMILT 9879 MNE EAHAE,
MR AL 3] BRI HE 4 AT IARAE, KA
SRR AIE A6 04 0 TN i RO A IR 4 e
AR E, M R E TR,

BT AL G AR FETATE, FERE
FREFTALAREHREDW, LFE
B, w. e, BerE™, g8
THMFNREL Y, AR THEEEE, %
P RAR, WL AL Rl A S, RAEd
REEMRADY, XEELERTDHBE. M
DREYE BRAARK, HESZRATEIEN
i, bl RBARRK AN ERFET R AL A5
W, % 1 4D Eh AUC H 0910 9; K EmIEY B AT
EFTRAARGS S THATHE (FH 1), Atk
HEREFLATREFE Al PR EEWE A, 7+
WE T P m AT R R A BB,
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w Y

i &
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Tissue region extraction

Classification

Label

W

A

&1 EﬁﬁfitﬂﬁiﬂnUuuﬁE&T@“

Fig1 Procedures and examples of pathological

section of gastric cancer recognized by Al
A: Identification process and presentation of pathological
section of gastric cancer; B: Representative images of a same
slide by H-E staining, labeling and Al recognition. Al: Artificial

intelligence

A THRE Al BT AT EIEELAFTER.
BF 18] JT b (tumor-stroma ratio, TSR ) =& iF 4
B . B IR KRGS S M R AL T
JE WA F, (B4R £ 5 o 32 E Jf 8 TSR 1% 4
GREERKRER, BHERXE, MET AL H

TSR ¥ LUR# 2| /N8, itk B 40 o 72 0 o el o A
RAEGMEMBENIESS MG EH N LT RA T
RIEBTETAER, WRELIFE, T Al 8RS
A a1 o e I 1 o T NP P
Al ZHE T A EZ AL NFioAr, MEHEE
ATHELHN S fmemity. AREKAEKETF
% 1K 2 (human epidermal growth factor receptor 2,
HER2) R BB MmN E LR A2 —, EHIT
fif HER2 KPR B T EEHWETY, mMET Al
) HER2 B 3hiF 0 2 4 B4 % B o b A,
1.2 Al 5R3km  RIEREORE L RKE LT
WA ERMRBRY GO, ERERTE, &
SR R A RO AR R R R R L
T B ERER. 2016 4, &% DeepMind Hl
PN K R TR RO AL R R B AL R B R, A
F A4k TensorFlow 71 Inception V3 # A #E 4TI %5,
WA Al pEEHEST T RAE RN, EXME
WIEZE L RIMERE, T hAFRAFOMHE
ARG 42 B F AR 0 i A AR D B
ROFRT, o EGRERERTHREF F#ATH
W, RIERABXIR, REXALHZEINT
EE T Caffe f1 AlexNet # A AT %, AL WE
WERLEFEZAFE, FEELT ZHEDBFE CC-
Cruiser (4 2) , R\ THAET KRG EEFY, %
AT 20174 4 AEH#NIE RRE. WE, X TR
HE T B B BT H AL R TR A, 2017 4F,
AHLEAM, FFOWZAREREHFEFE
B, MM T IRJKE L W A BB, I
KT W KRR AR, 2018 4, K B AT A A
#-4k TensorFlow #7 Inception V3 AL, I 4 686 1
B W IR E L A8 T i B 434 (optical coherence
tomography, OCT ) ## # # B 108 312 5K — 4 ir
BEGHATHANE, ERETTARD W EHE
e o o ML R R, ik B Y & RACENY,
REFIFAKRETEFHRARLE >N AR
WX, HEAHTHATR I KM AL,
2018 4£, A DeepMind H A A B K B K B4
B S BORTM S JER 0 e H &, TSR
Sl r’]ﬂ‘f £ [E IDx A7 8 Al ¥ R AL W BE

FEGER W R AL EXEXEL LR EEERR
( Food and Drug Administration, FDA ) #y# &7,
B IERIEN G KA 3k — 8
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CC-Cruiser intelligence

* Demographic information

|I|

Cloud database

¢ Clinical data (image)
¢ Contact information

IPatients with “surgery” result |

Regular check

Diagnosis
Severlty evaluation
¢ Treatment for reference

(weekly)
‘\‘ ®

Send notification to patients
confirmed as needing
surgery

Cases from collaborative hospital

Experts at CCPMOH

B2 ETZHIZERAIEE™

Fig2 A cloud-based Al platform of multi-hospita

1[12]

Al Artificial intelligence; CCPMOH: Childhood cataract program of the Chinese Ministry of Health

1.3 Al Baskmkm o T RIRESERE, KAk
T W R TR K S AR B 5 R, 2O R R B
Al B L Wi Rt T(EF] ., % E#E 4R K ¥ Esteva
P AU {44 2 032 A R B R Bk By 129 450 3
I R E %S (F 3A) , 2T A TensorFlow
A1 Inception V3 #AIFATIE A % 5], HIT /g3 &
JREE . BRI DEERENELE 90% b, AT
BAWAE R EE, FFREA R R E A A L
1942 AR Fr, B A kA IR A X

Bullous
Stevens-
lpemphigoi il Siovens:
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55555 Inflammatory,

Tuborous)
clarosil

S Congenital

@ neeplastlc El)
Y- <
5]
m
Skin disease
-
=1
<
=
0
=
=

FEEHRE (ARaiE) SRERT (RMESR
mEARE) AEFAERT (SHEZHSRM
a'%:?) FEH—F M, H3B 2R T — &R EE,

WEA I % A AE B & A R MR R LK
éy\o HR AR AHTIE AR K F B FBiE ok 21 60K ik
WERAAANR, FRETAIBET SEKRE
FEEWRES ., ZHERECETUEN S F
MUz A, BRI F ALt g BRI = F R K K
B, KAFTHTETRMEA,

Melanocytic lesions

Epidermal lesions (dermoscopy)

Melanocytic lesions

B3 KEBRHNR S RO TREFEM ARG

Fig3 Top subset of classification of dermatological tree structures and representative images

[18]

A: Complete classification contains 2 032 diseases; B: Malignant and benign sample images from two diseases
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1.4 Al 5EFHKR HEFPEIEFHUK, &
RAR—BAEA TIHENH B2 B 24 (computer-
aided diagnosis, CAD) ##F %, METH N %
RAREFIRAE, FBE WS KANWEEFS,
EHELZ TR BERATEHEF R, L
CT. MRI 2 X% i & & & #y H 15 % A" Brosch 7o
Tam ™ F| fl % R R 2% B AR H B B R T AHA
IRIK BRI . EREF TN T, £ THE MRI
By T AR 5K Bk o 2R JE B3k B 91.67%2), Y
Wrsk B MR W, Zintgraf PR H T WO £
SO A B %, 3T MRI E B4 B A 2k % 0% Bk
[t/ % (human immunodeficiency virus, HIV ) #]
By 4 RIATT TR

2017 4 _F2¢47, Kaggle # X % /35 3 85 3% 5%,
#3 T AL EMH CT Bk 7 mmarE®, 2017
£, E[E Arterys A F By Al # B O i MRI &% 2 4
&R E A 3t £ B FDA AL 8y AL 4 Bh % 7 7 4
2018 4F, ZAE By Al B SR B R G IFET &
1 3¢ % [E FDA JAGE, % Bh s K B U Deak 1l & Arig
B MRI Fn CT [ H 8 JF i Fn i i 07 b R 4 37 20

MEEGLE Al WHRHEZ —, HBESL
A, B, ZE. MBRE, TENATIRE
F IR F A . 2016 4F % E QView Medical A 7] By
HETWE W% 3D A5 = i & CAD R4
it % B FDA TAE, 1% R 407 4 45 B 69332
], [ B PR 5 BT v A

REXTAIWEGLEZRABRET H L4 AKX
WHER, EXRAGEMAREZE, ARG R
GERE, B FEHR SR,
1.5 Al 5FVEY R E#RE Al AMELETE
45 . 2 %47 020 (online to offline ) F & &y
XA, BEREF. TR EAEL TSR
%, BEIERN T EE, FENGRMERTLR
BRI 0 T 5 & A IR

Ead EFRELA, KEME 3 MR A
R, &EPENEREZEDR LRIRE AL
WEALEFETEZN “AEAN" 7 R#T, A
ARKAHK, AVERERA., TEEH,; FEHZ
RUHERHEE, AEEE “BATS . REE
B E. ALK RALZR A I Itk Ef
AREEW “FAT o Al Rhte G EEARLEH
K (1) FE—RBANRE—FHEREFZ,

4 I AL 09 52 FUR — A Fn iR, o DATE A AL
FIWMNEKAE; (2) PENZST FEHIE
Wik, X —BAREEETHEF RN
W, EAENAHEA L FAETMANESE EHAAE

Bk, TUBFERRKL Y. #RF
Al tEEFMPESHEERIRES, FAEEE
HHLEEF S S EdE &, A2 £ 0L IBM Watson
WETEEADTEY, AT eE4THENE
R, EEMTFEFRTUEY., MAGELET
iR AR W E o R R iR, HHEN 2 BBk Z 8y R
Tl RERE, BRABRSEN . AERFKEFRA
A # Y THCluster B A, #li E&EH R E
Z.HERERA TP EARETF XEREETH
AALIE, FIF 4915 B P44 A 4540 b SUR a4
oy EM M, KB AR Z IRy LI £ AR
TR R R, AAC R
B ERE, FERARAMEE RIS EEE
FRMiR, RABAMEEFE T A, ERWKRE
W Z TR R, BA B RBEAREREEmE 4 T,
A EE R A R G O B R AR R Bh % TR S

X

=l---=---- o
| | NLP I Forpula

Heterogeneous TCM
information network

Clustering
0 I | Herb +
IN—] I <‘§>H > Random walk
=’ Data fusion Symptom ¥ Disease +
C(B =1 | Symp ) EM
Function
Heterogeneous
& unstructural dataset -

— Precision medicine

B4 THCluster i RAEZ2E
Fig4 Technical frame of THCluster™
TCM: Traditional Chinese medicine; NLP: Neuro-linguistic

programming; EM: Expectation maximization

1.6 Al 5w lom O EBAER IR B PE
O LY A A R AR, STl A K Y I R
Wi, W3, FAFMEFREAEFEEE N, HU, &
WL B AT AT A B A i A B T T K B T

AT BT R T4 K00 SRR B I R 5 By & iy
An i BRI F . Bl R AR S T AZ 4 B AR T %
BT & K00 RS, AT R B AR AR O 5 B R 4R B
WK (HS), NI T EEZFERXALHER
HATH EFndt — A0 BB E R A
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BAWHE, TUMEEERREAARESERS
FE S 0 RS HATIF A, ALEET UL B3, B
Hy R I U A DR IR ARAE, 5 B U A9 & b AR AR
B EAh, W SEIE ARG RSB 5

Characteristic
waveform -/ \_

-3

ﬁ’/@f}/ed T wave

Level o‘ N

B 5 $HEREZEEARTE DRI IR

Fig5 Application of signature waveform mining in

electrocardiogram analysis
The three electrocardiocycles (left) are divided into two
categories, and the difference between the two types of
waveforms is clearly visible by signature waveform mining and

mapping it to the three electrocardiograms (right)
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o, R E W SR 10 £ E
FEHATERRAAN, BB E Al EAA LA K
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1.7 Al 5FAMBA Al FAHNEAGLTEIEA
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Ko KK Al FANBAXLELAH ¥, RIE
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It A AE IC B A & 4 R B S @ A F A B R Xt
BHATF AR,
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BRARMZ s, FFARNTEFH . FAK
FEE,

WIS (virtual reality, VR ) A Fr 3 5% 3
IHAWELETHE CT, MRI, #F %7 H k%%
GRAENAGBELERTNAL B E T, XA
B ERFA, A MR AT AN HEARE
B, iR EE, SHAARMENFER, LK
B VR, FAYRE VR R 5 EHTHAFZHATIC
e, $RMERNRET ., HRRXEENELRE WS
LRk AR, EIAF VR Eor, BEIFTREK
MRAGE IR SEF R AL M5 B E W E 1S B
1.8 Al 50457 IBM Watson 2 fiF 8 14 97 47 %%
HEL WD RG, RRGHRE P E4 300 £ Ff
BT, 250 %A E ¥4 4540 1500 77 Tk B H#
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1.9 Al 5EFHFME BEFHAFTHRTERH*E
FREWEEZF R, T 30320 6 38 47 DL RET
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KB AR 100 ALK E NI 150 LB F KEK A
# Nature K & #7407 T 4 3 000 47 i J A By
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BATEDW R4 —5; 15.5% WK Z D H —
Z, EAL AR CNNZETENGEAR; 12.6%
WHARZEDH T —R, REMMFLAELT 92.8%
B AR AT BT E#HDY, 2R R Al ERAFR



.« 364 o

BOFEERFFM 20184E4 H, 39 %

GO EMESRETE, HETELEEEARL,
XMW BT T E

SeAh, T S AR A o 25 RO A I T AR
BHEANAZALUFMEFLZAINS S, B
X TR o A E I R BRI E R Ao
F Tk Ay, BARENEWERfREE, X
Mﬁﬁ‘Tﬁiﬁﬂw%ﬁﬂﬁﬁ%m%%

SRR, 0¥ HUR A B AU H AT

///\

2 PEEREE

B A ST U ALY R R A AR A (1) FK

HED, BFIEREZ. HWAT AL 8% 4o $
BETH L, CHRZREFREFTS 5HANRG
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