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Survey of Medical Knowledge Graph Research and Application

JIANG Chuanyu, HAN Xiangyu, YANG Wenrui, LYU Bohan, HUANG Xiaoou, XIE Xia and GU Yang
School of Computer Science and Technology, Hainan University, Haikou 570288, China

Abstract In the process of digitisation of medical data,choosing the right technology for efficient processing and accurate analy-
sis of medical data is a common problem faced by the medical field today. The use of knowledge graph technology with the excel-
lent association and reasoning capabilities to process and analyse medical data can better enable applications such as wise informa-
tion technology of medicine and aided diagnoses. The complete process of constructing a medical knowledge graph includes know-
ledge extraction,knowledge fusion and knowledge reasoning. Knowledge extraction can be subdivided into entity extraction,rela-
tionship extraction and attribute extraction, while knowledge fusion mainly includes entity alignment and entity disambiguation.
Firstly, the construction technologies and practical applications of medical knowledge graphs are summarised, and the develop-
ment of the technologies is clarified for each specific construction process. On this basis,the relevant techniques are introduced,
and their advantages and limitations are explained. Secondly,introducing several medical knowledge graphs that are being success-
fully applied. Finally.based on the current state of technology and applications of knowledge graphs in the medical field, future re-
search directions for knowledge graphs in technology and applications are given.

Keywords Medicine, Big data, Knowledge graph,Data processing, Knowledge graph construction technology
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T AU A5 I A, U R 1 S AR A B R AT G T
T 1) SR B0 0 S ARl O U L TR ST R L AR A
5 % R T R A 5T 1 S A IROH

(1) 251 ) BRI B U 1) SR IR 7% . Coden %50 4 H
CDKRM(Cancer Disease Knowledge Representation Model)
e X RE RE AR B H O R AT R, HAM AR T AR 45 44 4k 4R
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BARIUR S MedTAS/P M4 A, 11 58 K AE 54k 1 i SCAR 9
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W%, Savova &% ¥ 319 ¢cTAKES(Clinical Text Analysis
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TR, B T . 3T IR SRR D] Y S A B TR ARl
AT 358, 1) SR ATUI e SR T (R ) e AR K L A R B Y B
0 X DA IBAS 4 1) il Hi &85

(DO FEF MR AT ik, BREBE R DR
Al KA (Hidden Markov Model, HMM) | fi K 4% B /R 7]
Fe A HI5) (Maximum Entropy Markov Model, MEMM) #1 4%
1 REHLIZN (Conditional Random Field, CRF) %%, Zhang 2517

Flowchart of medical knowledge graph construction
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CRE FNF BT 1 5 1) V4 HE M 465 o 32 o 7 o 381 3 4 v S
P 2 iy 4 SR O ok BUAR T OR B R AR . Li
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Table 1  Entity extraction methods
[ B J7 ik /A =S Ep3 oy & Jol:| Precision Recall F1
EFLEMOHHER L2THEEFRTHR AT - N
-3 % 5 4E 5
MedTAS/PL?! SRR KRR AR M E AR EEANE /”ﬂm‘j@ izﬁﬁﬁ/ﬁ}“ﬁ 0.78 0.82  0.80
T EanE SRETE i & & Py R AE SR
A Ay 2K
R WHT —AFELAME  FE 4P E R NER K Penn -
¢TAKES™? BOERTHE AR BNFERERALR 261 ;iwwﬂ K 0.80 0.65  0.72
oY R A 4 1 X 5 TreeBank 5 &R
_mMEET ERTFEMENEF
" GHBE AT ER y
MM ¢ 4 g + 2 v 5 A k3 2% 4 L
%I \D%AM RABRERELEWE ??”B?E*'”ﬁﬁrﬁi GENIAM7] th?%;w“é'] 0.68 0.65  0.67
RERABE ey L amrane TARAE i SR
FrRE il £ EH R
St AL T CRF &
%597 R TERBHNASAEN W F P T
I BR 4 4 524K S B H 4 8 — . 0.91 0.87 0
AR S LT TR ERHED A XERA 0
EFARRBX o AHABARAMEAR o BRXAT SR
4 4 3 R (19 BT AT B P i2b2/ VA= A 0.79 0.83  0.81
EEVRFMAR  HAFRHAELAKA o, | & o . .
BAEEY BELSTM- g fo A T4 9 4101 5 ﬁ?%i;ﬁﬁﬂfji% CCKS 20177 z;;i;;ffﬁm 0.88 0.90  0.89
CRF2!] BAE L e T s
SRR ~ S . . 3)
oNvBLSTM.  HEREE NEL wmpseanmes BoretelDypagps 00 08 08
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BAINEE AN — A
EEZBT T — B
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SED T T {5 BN BCR G0 F F A8 B 7 30 5 Sl ORI, B e
gl 235 ) 1k 5 2 SR B 38 Ay 235 4 AR B L 122 35 68 D S 1560 ) 48
TR BRI 96 2R . 1% R ST B R 45 N B A T R T A4
] B RO 22 NI B B A A R P O R, ETM
WU 114 5 22 41k B 19 7 3V I 2 il Ok 2 5 L {2 HL ™ T AR
AT ], 5 O A G R USSR — A, FLME DL EA TR

)T LGN 2 09 )%, Nikfarjam 55 %3 T

HLES 5 21 5 e SEAL AR 25 6 00 R 4, LUBR IR0 R 12 5% vh g
A RS 1) R 8 ) B BR . Zhao AR5 FE Az I 2 SR R 6
ZAE E T X m & AL (Support Vector Machine,
SVMD) , - ZE R 278 38 T 18 SO I SRR AT L 32 7 35 6 HE
RIPET 5% ~10% ., . Roberts 5% T # T 41t
BLES2 2T 1 O R A B R 48, [F K4 SVM #E 47 5¢ & il e,
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D http://www. easyemr. com. cn/activitys/activity-list. aspx?activityid= 32
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Table 2 Relation extraction methods
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RECT ( Disease Information and Relationship ExtraCtion
Tool) » B H ¢ TAKES,SNOMED CT 48 £ i 3 25 4l & 56 &
R B30 1 A5 . R Y T 58 UK I PR AR 114 2 17, AT 19
A4 I IR S A AR OGN B B I 8] . Mykowiecka S50 78 X i 22
TG R SCAS (45 R AR ML 1 T & T 3 TR0 A9 15 B ICR 48
FROUAE JE PEA R E S TN B S5 SR AT T TR B e
AN SORY B £ 71 . 6 T 00 By Ja Ml B, ol T R (RS
FAT S 5 P 3 R I ) B IR e, it A AN ] BE 22 R
PEL % e e 0 Jim A S TR Al 22 5 B T L 00 ) 77 92 e LAl
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(2) 3 T HL2E 2% 00 Jm PE I B, Jiang!™ 4210 T 8 T
LSTM #2252 1] 22 b5 25 0 T8 1k il OS85k L O b A3 1 B A9 O
R T bR R BCE AN JC W B B s T R Al T R 40Tk A (1)
RO, 32 fof D A R W ) O o AR BRI Y A
RUBE S H B bR S AR R (A A0 Al B, S BRI AR SE R T A%
Yedpg G B HTR T RE AR A . Shi ZE0 R T — Rl R I BE A IR
B 25 2 Oy B R S BRI R SE R RN & Lz oy kit e T T T
05 ¥ 0 A R AL 4 IR R, BUAS T A 0 IR BRI . Xu AT R
H— b 35 T 5 30 bR A0 19 05 TR R KT AS TR A A i B M L kS T
I PR R E S R G R KR, Du Ul —FhIk T AL-
BERT K J&@ HEfl BUAE 22 , AH b AR 58 IR B 24 ) B F — 25 4
T Rh AR B A ST PR N Y R AR T RS R,
TFHLER > 09 & P i U G b A A T R SOfR 8, AT 4R
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Table 3 Attribute extraction methods

o B Ik /A 1* & TR by & Precision Recall F1
TEEEMRA R AE HEFRANRUIG 98 G HE AL ET R
T 7 et o . . o 1.00 0.75 0.86
&7 H PIRECT B AR B B 2 R XREGRLESER  EiRE >
e ETANNEE  WATHEBEAAK F X EREREH
3R 5] 4 5 =R S T E 4 5 40 2 7 LR AR 0.99 0.96  0.98
SemmEELY  BTRsmzmag 2 DUEAMER R R W E % R :
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ETFHE P EY
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D https://tac. nist. gov/2015/KBP/index. html
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SRR S B TR AR B[R] B2 2 R R 3 b R AR S A
Yk, R ES AR A A Y R R 2 — ., BRI R
B SE AR XS 55, AT 43 O % 6 00 S AR X 55 7 i T AR T 3RR 2 2 1Y
SRS T

(DA% S8 1 2R3 55 J7 . Jean-Mary 58T 42 1 AS-
MOV (Automated Semantic Matching of Ontologies with Veri-
fication) 3% Fl T ARV T , 38 F T AR VT B 8OR . ZF %
F2 A AR AR T SRR SO UE PR AN S 43 L A AR AL AR
B A3 R X ARNIL L S AR A5 B AR B RE HE AT T H A 3 SR TE R 43 )
SR AT 545 R AT LRAE . Jiménez-Ruiz 50 ¥ T
T AT A0 (Y W 9 R AR IR IT B 3R 48 LogMap, g 3 W K
FUASE Y A A4 DC I EL 3o 400 DA AR o SR BORY 1R IE R A . A%
G5 10 SRS 55 J7 R O T4 S T 0 SRR 5F A 45
i) LN A BT B H N TR P R S AR S AT 45 AR T
SR 2 1) SRR FEAT S5 A FEAR L

() FEFFRIR2E WY SARRT FF 7 1k, Ma P FE 3
I7 IR SF LB T SIBERT J7 32, 19 58 1 % 55 920 0 5 AiF %
R B TR S A R R BT A TR T b R R
P Wang 0V FIRA BITER I WS I T 49 B2 Ak
VCECHES BioHAN, fii Fi BioBERT i 47 I fik ##% A . 4K J # #%
NGRS 2 00 23 ) LU 3R 2 R . 7E I kA L AT 2 Bk
HHAR TR A oK 3R AT R AF I A MR AE F208 , U T B0 9 A (A D8
Bie &k . Hao %5242 it 19 MEDTO # % [7) £ i ] BioBERT
i RN IR S /N (- e U D (RS 3 R R A

(Hyperbolic Graph Convolutional Neural Network, HGCN) Fl
S P )2 40 I 4 AR O A R A AR 2 R R AR B 1T S5E
JRARIC AT 55 . T RR% 2 B SLEXS 5k 6 T2 M
M5 B, BB 62 T 47 by 47 4K B2 27 X 5% 520k 19 38 SCRRAE . J7 1 g
TS ARG 1 ) 5 45 L 3B o i B b LA S A% 1 L (BB A7 AE 2ot 45
R b 2 B30 AN I 25 T i R A5 )
2.2 SRRiH B

SR U L SRR Sy S AR 4 T A D R 22 TR A Y
7] 44 57 SCIRD AR . B A I8 2 L i) S (A 9 e 7 1 2 B2 6 S 4k )
AL S A LA 2 A OCH R AT I

W S TF & T I IR 4 5 R 3 R BHE B LUTE I R AL
WS ARE T RGNS AL BLEE ) . HE4LE o 1) S
BAF L F I B SO 3R] 3 B (Word Sense Disambiguation,,
WSD) FEECT S T 45 S R SOT L B TR B ROR .
HARZAAETRLEPOHETFTEALS S REHTX
PRSI AT 55 . Zha 5550 L8 A W B A SR BE S b
S T TS A IS T A A S AR 4R TR T 2 T 6 01 S AR A
Al LATTE, BEALYE— 20 P 7 SE R BEFE PR R, R W 1 51
AW TE R R AT A A A . Mondal %075k FH = 04 N
2555 Triplet Network) e HE 44 1R o ) 468 58 5244, JF 45 1
T Tl AN BNy T ) 0 e e SR A RO R kS T
ETRBEEE KR . BN B Xu PR 1A unMERL Al
Abdurxit 5507 $i Y AR T 924 )RS A P R O 09 S R T
W7 VR AR . BTSSR 1B T 1% 38 A B1ACAN R AR R AL A
S BORWAT T R Y S AT B8ORS BB X 2 2 1 JE AT
FETE IR, HAMBAR A 5] At ok TR BR A, AH 5C i 1R
FilG 5 i B3 4 fr g,

F 4 FEREG I
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