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5308 FH AU SRR ARABE, TR 42 R VR0 77 2% 3 A TRl BOFR U (R 75 7 . BT AR S
A ST BTV TR B 2 S T 1A R T SRR U T vk BRI T R, (H RIE RIS, AN REE
AN [ ST B3R . AR GEp LA 2 > 5125 B S B Il R A ] A SCAS i B Ao R RN L )i i S
FHIE, SR 5 P S0 AR AR AT 99006 48 R 00 AR . TR FE 2 =) J7 R B s AE T o] £ 0] ) 2 PR LAl B )
FH A Aol 22 ) 238 A5 Y BEAT B9 44 PR 3. R0 44 BRI 7 1T, R I 5 21 J7 ik H AT IE A B AL S 1
Bl 2 J7 k.

B " 5 Y A PN A7 RS SO AT 42 1] A S [RI AE w Ah, 78 A2 B 2 AU N B9 00 44 PRl i
A H CHIRE AL B A RREE AR 52 0 B, B & O “AE— @ BEE T B AR
T EAL AR AL e A A S AR, RIREIR  ARAEANAT A R R D) I AR 4 PR AE IR S SO
HheE o DLREIR « ARTE . AT NS B, Few AL AR SRACE i, {E-FfA] “cause serious illness
and early death” ', “early death” —ii N¥IH LK, (HESE MEDIC ¥ vk Bz i sk & 3 A 1]
“death”, WIATYEER TR 1% S50 ()34 T2 iR A MR nl i — AN HE L. 53— J7TH, i T 44 072U
N, PRI P fT PR B 5 R AR, T HE BRI 44 PR AR 2 OB, #ldn “HIV? K2R “Human
Immunodeficiency Virus” . “CT” 7~ “Copper Toxicosis”. 1XFh4E 5 A G #EH 118 G B EiD,
APART R0 PR 406 5 o 1505 44 PR IR ) B 5 — N L

BEXT IR e, AR SCHE P SRR Y (R A B3R T — RPN AR AITE SURHIE, 48 Ak R T
FIHBFIRAE B, 18 ZH BRRAES - 7 I B R SUR R RS R, X LR RE A R Al
BRI A4 PRI BE G A FNE S B, AT il 3 42 v o 44 R nl P 1R .

2 MxIfE

AR S AU PR 95 4 PR R 701 P DURELE 3 2 jl 3 R3S B Tl AN i) 07 V% L e TR G 28 5
YT AN TR BE 2 ST R T s

BET- 1] S 1821 (VR A AR s 2 5 T 1)) SRR PR STk o 1) AR R 2 SR A Bk, R R T
A8 FH P9 UC P S50 R ] S PR RIS, T 0] 1341 752 A Y A O 2R 3K SR T T A= 0 Sk b 1) SE Ak 4 R
PR X U R AT A R T SR A T 42 R I 2 A RIS (050 44 R 4 L SO0 758 3] SRR ) 7
LR AU 55 R 2 B AR, BT DA SR 7V A A R 2RI,

BT ARG 2] 56 BT H AR R 44 PRI B EIREOR, B BOLE 7 ST AL
%, HXFFH BN (support vector machine, SVM) [} & Markov #i% (hidden Markov model,
HMM) B, 5 K@EAA (maximum entropy model, MEM) 1, 2B#H13% (conditional random field,
CRF) 01 &5, Jrp CRF B2 T SEAR IR S5, Leaman 45 M $2 1] BANNER #%t, 1]
CRF B G5 & — RAANERFE R 38 I A AP e 2 Sedk, 22 1 8 2 Jm mT LA il 25 b AR ) 12 2 S A
Lu 2 121 5 AR A4 3 DNorm & 48, 76 NCBI 31 7 B 45 _E i 2 ARIRBIME S 3RE T
79.8% M) F1{H. Lu % 04 3852 R ARG 2 2T IR R SEILO SEAR IR ARG AL R 48 TaggerOne,
H A 7E NCBI B 2 FRBRp SR BT SS FEUAR T 82.9% 1 F1 {H. Lou &5 191 i HIRASHLI
77 USRI 2 S B, FE iR ES 82.1% ) F1 1A

BETIRL 7 2] B6~18] [R5V AE HOME B AL BRAE S5 L3R5 T2 ML, Sahu &8 19 B (e s H
IRPE 2 2] [ J7VEAE NCOBI i £0d 48 R0 44 K, iR A RNN (recurrent neural network) (2]

1) https://baike.baidu.com /item /I .
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Table 1 Lexical features for disease name recognition

Word POS Stem Lemma Affix Context
Rheumatic JJ rheumat Rheumatic R, Rh, Rhe, c, ic, tic for, Diseases
Diseases NN diseas Disease D, Di, Dis, s, es, ses Rheumatic, database

Hr LR LSTM YRR SkAf 3R 17 J5 5115 A5 S, JFFIFH CNN (convolution neural network) 22 4
SRAFAA P R/ FE SUE R, SEIR LR T F1EN 79.1%. Dang %5 123 $2H 1) D3NER &4, {§i ]
M) LSTM-CRF BEARSR ST M FREAE S5, A 316 L P A48 S48 E, 78 NCBI i EHER
SERLE R F1AEA 84.68%.

3 CRF &8

SR A BN P T A 2 ST AL 4, & SRR R T R, X % AR
KT 5 O EL 5 (26 P AT B, T X = (s, 0, o} SOOLIETL, Y = {1 yon - )
ML IBRIC ). 2 P(yle) 158 ST R s

P(ylz) = %GXP (Z Mt (Yim1,Yi, 2, 1) + Zulsl(yi,l‘,i)) , (1)

ik il
Hor
Z(x) = ZGXP (Z At (Yim1,Yi, 2, 1) + Zquz(yuw,i)) , (2)
y ik il

Hort by, A2 AT B HRAE R EL, FONEEREIRFAE, s J2 08 SCAE L il _ERRIE R 8, FROVIRZSHFAE. ¢,
A sy FRUH T CLE, S SR R R A, BB 1 8 0. Ay I gy SEXTREFIAUE, Z(2) RFTEALE 1.

SATRELI 76 4 FURFAE B8 BRI B BUE O E . 408 SR AR REATLIZ AR R R S B i 44 SR A 55
I, SR8 ) R T AR A L AR D0 S SOR A R BR R A SCRRFE 2RI SR B AR (R R s i it
T R AIRAE SURFIESS, B RS e LU P RE.

4 CRF 4%
4.1 JAEYFE

5 HAMGR IR R G 1812 —FE, ASCREA 700 A BRI R R B AR E AR AR G, BRI
fE (word)« 1A VERHIE (POS)~ 18 FHHIE (stem) 18 JFEBAFHIE (lemma)  WZAFE (affix)(1~3) T 3CHF
fiE (context) 5. 7EH)T “Twins with AS were identified from the Royal National Hospital for Rheumatic
Diseases database” )4 FK “Rheumatic Diseases” FJRVERFIEMNZR 1 Fiow.

PLELTE] “Rheumatic” A, 1R <37 (FE&RIW), HidF N “rheumat”, 1@ RN “Rheumatic”,
RN I RTEEAE R (KB RN 1~3), EFSCRHMERE 108 2, BIZEERT— M “for” 55—
FLIA] “Diseases”.
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2 LHBREHE
Table 2 Chunk features

Feature name Feature type Feature meaning

Chunk SBIEO Chunking tag of the current word

* 3 IKTFHHE

Table 3 Dependency features

Feature name Feature type Feature meaning

Dependency String Headword of the current word

4.2 ALEYFE

AW 2 SCR HR AR AE R & G5 A AR BB A X, 3 e o 44 PRl Hh i R . R 2
BB DR, B A AR RN 17 84 17 A0S, U0 “skin tumors”, PR OB HL R 25 M VB N R IERS B Bh T
PRI RIS 53— J7 T, AT B R R SE R BB 22 PR, e BB 1A 2 TR A AE AR R &R,
B A52AK “male and female breast cancer” H “male” Fl “female” X [HAFFEFEF)5 R H e THAK# T
“cancer” , IXFRAEIC R T IH TN 4 PRI N ER 45 1), A )T 0 1 S UR 1) 1) R

N T FRBUANERHIE, A3 Jaxd 6 1 BEAT A3 i A1 A2 00 M, 49 2 2 He G50 FIAR]IE 22 18] B A
KA, RIGTEMREA EAIE A VAR SR, BARRHIE A HE:

LABRAFAE. AP, WAREHEY, Jeds — )7 AR S A B ) B K R A, 2R 44 e B
(NP) #b, iELFEERHBE (VP), @ “will require” AR (PP), 41 “such as”. 7E3RAFHEHIES,
ASCHRAE SBIE ML) 25 % 1 He b (R &S 53] 23 I T A B B RFAE AR i, W3R 2 BT,

RFHHE. KAF K RZIRN) T & IR AR FEE R &R, IETE . IHEMEIESE, KRR
FAEA RO A R ) b L] 2 R) R EE BAR AR OC R AR S Je M FAKAE AV 43 B 2845 21 3RV 1] )
WRAFIR AR, ARG — A B3] J (R B S AR 9 R R AR INN . B0 20 SEBG 3R W, FEARAFAFAE Y, 24T 1]
FIT AR ) F 4o 3] 0T 59 44 PR VR B R K, Rl i, b D S il I, BCHG SR TR 38,
“5-phosphatase” ' “phosphatase”. #KAFRHER R WK 3 frow.

W 1 R, 32 1 T K] T RIRAE 73 B 3R T & BRAA] [A) FRARAE K &%, 11 Rheumatic H1 database
TEEZ BN R R, Bl NMOD (Rheumatic, database).

4 N Z A AR RE, AR PR IE KA RAAE (PR SYN), 91

o LLiA] “identified” A, HAHHFIE “E-VP” KR “identified” ZZIAHLHE “were identified” [
R — il
o LU “from” N, HARAFRFEN “identify” KR “from” HIHOAZE “identify”.

4.3 1B XYHFE

PRI SR AL FR A AL R (40 5 T 3 LR A TR AR A SR AR R,, IX M4 5 T AT
HEAHT T8 S S BB BBV, DRI 180, DR SCHe HY P 4 5 R RO B R 4 S5 1
i E R, BAERETIAE S KRAIVERE; 51— J7 i, BN SER 2 MR FE R LT AR, W MeSH

2) SBIE 73 A&7 Sl 4 I BRI A4 B, 2 31500 44 PR T R 35— AN« o TR AR S — ]
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were
SUB/V'C\P
v 0 \\\ﬂ
Twins .
- identified
NMOD |
I'd VMOD
with J
~ from
PMOD I
I'd PMOD
AS NS
Hospital
NMODﬁNMOD
the” NMOD NMOD > for
|
M// \& PMOD
Royal National N
database
I~
NMOD NMOD
Ve .\/\
Rheumatic Disease
1 REDHH
Figure 1 Dependency parse tree
x4 ANDEFHES
Table 4 Syntactic feature set
Word Chunk feature Dependency feature
Twins S-NP be
with S-PP Twin
AS S-NP with
were B-VP be
identified E-VP be
from S-PP identify
x5 WMEFHESE
Table 5 Abbreviation feature set
Feature name Feature type Feature meaning
IS_ABB Binary Whether the current word is an abbreviation
IS_SF Binary Whether the short form of the abbreviation is the name of a disease
IS_LF Binary Whether the long form of the abbreviation is the name of a disease
Headword String Headword of the long form in the abbreviation

PR R o3 JRAR 2, IX 18 SO G SR L AT B T O Rr E I BCRAT B AR R IR A FR. MG S
RAE R AN S AFIE AR (Y B A0 R T

FESHHIESR (ABB). fEAEYER 0 2% 0 RPN AR T 4SS, S “APC” RAQ
B “Adenomatous Polyposis Coli”, RIH MBI AL, JaH MK, BomirEt
ARIEAR R T 85X, G 5RIEE S (ABB) B8 4 DTHRHIE, Wk 5 JoR.

FEARAT “IS_SF” A “IS_LF” HFALNS, 1L 54 o DL HC AR A W e 8 AT 302 15 R BE MEDIC
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Table 6 The feature set of semantic code

Feature name Feature type Feature meaning
MEDIC SBIEO Whether the current word sequence appears in MEDIC
MeSH SBIE4+NONE Classification code of the current word sequence in MeSH tree

®= 7 BXHHER

Table 7 Semantic feature set

Word Abbreviation features Semantic code features Tag
Twins 0, 0, 0, None O, S-M01.438.873 O
with 0, 0, 0, None O, NONE O
AS 1, 1, 1, spondylitis S_Disease, NONE S_Disease
were 0, 0, 0, None O, NONE O
identified 0, 0, 0, None O, NONE O
from 0, 0, 0, None O, NONE O
the 0, 0, 0, None O, NONE O
Royal 0, 0, 0, None O, NONE O
National 0, 0, 0, None O, NONE O
Hospital 0, 0, 0, None O, NONE O
for 0, 0, 0, None O, NONE O
Rheumatic 0, 0, 0, None B_Disease, B-C17.300.775 B_Disease
Disease 0, 0, 0, None E_Disease, E-C17.300.775 E_Disease
database 0, 0, 0, None 0O, S-V02.300 O

s b R4 SR A B 0 i, BEEREKIE T S A AR E g RG], EAR
PR DB LT 2 bR BRI 1, (HR] DAAE 25009840 A s SR I JF B AN iR

BN RABEE. T UL Ym A REAE A 7 S A R IE I8 5 %o Ay 44 SEAR R A B R IR, A& 2 de 1 7 )
e ELE SR TR 5 R AR AULE MeSH M H 45 fMigts. MeSH i Fir A & A 14 8 /= Ik
R RBAT R AL, B ESHZ MeSH W 1) — N5 i, |G A — N R HZIRERT
SR, 1N “C17” s “Skin and Connective Tissue Diseases”. 18 X g RFE£E Hh A& WS THAE,
R~ g i A0 2 2 i, I DA BB I 7 O R B R ALZIROC R, Wi 6 Fow, BIASTHREERI 3R
B0 R

o 7E3{#3 MEDIC FAERT, ASCAd H S K UL RC Y J5UU £ ) 7~ rh A 4k MEDIC 9 R0 44 PR, WS4k
B —/NUTEL, MIARHE SBIE ML 45 ULEC A &8 40 7 A R A, & IFR1e 8 O.

o TEARTH MeSH FHAERT, [FIFEfE A S A VT HC R I 7] F-Hh A4 MeSH Hh 0% #4 7K, R3] — 4
VLEC, WSS SBIE AL 45 TTHEC 8 AN 1l 43 A A [F] B 46 s gfidbric, £ AR08 NONE. #]55k
R, A 1 E258 3 EH0 KL E SR RS R R

R T HIH TR 1A TR AT R 0TS SCRFIE, SRR S R IE S ANE L mSAE. 10

o LLiA] “AS” N, HYgE S5HHELE “1, 1, 1, spondylitis” FIx “AS” &4 5, HEE AKX

B w4 pr, BRI 0oy “spondylitis”.
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% 8 NCBI #iE&
Table 8 NCBI dataset

Statistics Train set Dev. set Test set
Abstracts 593 100 100
Sentences 5818 958 1080
Entities 5145 787 960

o ULiA “Rheumatic” N, HiE X mid4E “B_Disease, B-C17.300.775” #7~ “Rheumatic” £ MEDIC
B 2 R IO A FRAER 1 AN A HAE MeSH A I T-45 5 “C17 (Skin and Connective Tissue
Diseases)” I F45 15 “300 (Connective Tissue Diseases)” FHF45 & “775 (Rheumatic Diseases)” .
X BCRFAE AR08 I 70 TR b R RO 2R, DS 00w 44 PR RN A R

5 SKI§
5.1 SEISVER RIEEERE

A NCBI Ziis el 8 1238k SIS 793 78 PubMed #52:. '& HWN 4 T HKbRiER
T3 SEAA, BRI RORHR & 1 ARy A IE B PE. NCBI a5 I8 . TTREERIINALE, 3 AN Bl R 70
MfEHLWIER 8 FiR.

SIS VP SR AR E RS S (precision, P)+ AFIE (recall, R) 1 F1 EEMRETE AR, Hat& 7K
R

TP
P= TP + FP’
TP
R*TP+FN’ (3)
2PR
Fl=-""
P+ R’

FHorb TP om0 I se R IR ECR; FP 2ol i se iR AN IR B I 80R; PN R e R
H SR SR

5.2 ERTALIE

B REAT A AT, BB R A 2 S5 GDep 24 T HAZ 2 G758, F 1038 A vE R E
. R, BUNAEY ST AR REM ARG S, Bt A SO R S 46 5 1505 T2 Ab3P 25 {55045
X, 152045 50 AL AL, H T 98 SR AE R NAIE. IR a0 A) TR 51k, BIPERR S5
A4 HF, B NLTK T EAH ) POS Tag, PorterStemmer I Lemmatizer 43 7| 15 21|44 B8] )
A PERFAE « TR TFARFAE DA A TA] i R RRAE .

5.3 SEWEREST

7B XFHERM A ESFEXHR B M RERI STBK. 2 9 LB T AVERHAE SR ANE SURFIE SR X R L RE 1Y DT
Bk, P UE RS (baseline) R B & IEATRERFAL (FRAE « W VERFAE S 17 TFRFAE . 38 B AFAE A K
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* 9 AUAFHESEME SCEHESE X% RE R STRR

Table 9 Performance contributions of syntactic and semantic feature sets

Features P (%) R (%) F1 (%)
Baseline 86.16 78.44 82.12
+Chunk 86.10 79.38 82.60
+Dependency 87.05 79.79 83.26
+Abbreviation 87.35 81.52 84.19
+Semantic_codes 87.43 83.33 85.33

& 10 HEEHHE (ABB) XMHAERDTTEK

Table 10 Performance contributions of abbreviation features

Features P (%) R (%) F1 (%)
Baseline+SYN 87.05 79.79 83.26
+IS_ABB 87.02 81.04 83.93
+IS_SF 86.27 81.15 83.63
+IS_LF 86.98 80.73 83.74
+Headword 87.35 81.25 84.19

W ZRHIE) INRPERE, A MRHMETZ IR BN 77 0B — I I B RAESE T, A F M R v i de s (A T RELAR
For. WNEHATLUE -

o HYURHERSFFRTE 1 F1 fa %k, HEZRE T H BRI (~0.9%), WHEIEREERA
—ERTEEAE. BN, a5k “skin tumors” AL HME B R I1ZF 2 — MRS, Wm s &
SRR ) H BN FLE R A4 R,

o WRAFHFFE T ZE T IR AHHER 2 (~1%) RAETH F1FREL, UEIKAE X REBEWE HERR IR /- R = 237
ROH, HAFHRFAE T B I8 I MO SR I S R R SETHIERE, W “pineal and retinal tumors” H “pineal” Fl
“tumors” Z [A][PIARKAF I R AL FEAN T B IR BN, 1 AMUASGZTE “retinal tumors” IRAAFIR L FR; 7
A, AFR R A BT FRA) WK EE B R AR &R, WA) T “CUG-BP was found to bind to the human cardiac
troponin T (¢TNT) pre-messenger RNA and regulate its alternative splicing.” H “cardiac troponin T”
NEE AR, ZIA P RAFRE “RNA” HEBR 1% E B 24 FR 0 o] RedE.

o FGRHEENRRT T F1 188, WL (~1%), HIERESR T FZARIAE H 0] Z 1) 52 5
(~1.5%), XU 48 SRHAEE R LIl CRF B 3] 3 2 B4 5 . BB S X “Cow-
den disease” Fl “CD”, 45 5 HHIEEEA BT EHOR A NI,

o B NIMIBRHIE R ZE T T F1 188 (~1.1%), [FIFE 2 3 BE I 42 & A B SLHLE (~2.1%),
X B ] S ON L AL AR R Bl T SO R 1 BE 2 BB 4 FR. Bl ial 75 “Rheumatic Dis-
eases” HIE UHISHFFIEMK IR N “B_Disease, B-C17.300.775” I “E_Disease, E-C17.300.775”, 1X LLRFAE{
FFRZ AR AR P S

FEFHHEXHR A RERITTER. & 10 FLEL T AN S TARHEX PUMPERE RO DTk, L EE 1 A7)
MRS R T IEANFAE N L A)VERFIESE (Baseline+SYN), 4N FHRAE T8 B 1) 77 3% — N 2 FRF 4
b, 5B R B (A DR PR R, M T L I, B T TS.SF, JLft TRHAEA A B F-H: A d s,
A BFZAFIE G S PRAR SRR R, BRI AR TR £ 08 B 1% T4 AIE.
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Table 11 Performance contributions of semantic features

Features P (%) R (%) F1 (%)
Baseline+SYN+ABB 87.35 81.25 84.19
+MEDIC 87.23 83.23 85.18
+MeSH 87.43 83.33 85.33

® 12 ANRGSERAGHIMERELLE

Table 12 Performance comparison with the state-of-the-art systems

Systems Methods P (%) R (%) F1 (%)
BANNER [11] CRF 82.2 77.5 79.8
TaggerOne (14] Joint Learning 85.1 80.8 82.9
Lou et al. [15] Joint Learning 90.7 74.9 82.1
Sahu et al. [19] Bi-LSTM 84.9 74.1 79.1

D3NER [23] Bi-LSTM-CRF 85.0 83.8 84.4
Ours CRF 87.4 83.3 85.3

BN RBTFAFEXTIR A MR TR, K 11 LLE T /MBS T REAE X R B BE R DTk,
B 1 ATIIVERS R T BRI FARERHESE I S RFIESE (R Baseline+SYN+ABB), PiME 4
T REAIE 3% HR ZIN Y 07 2Z — I BRFAE AR, f5— FIE R i f e B R AR SRR

MFE 11 el LAE H, MEDIC $FAE B8RS T F1 #8500 (~1%), £ 22 E 5w A BRI,
Ut BRI Y 3OF B T WSO R B 22 (5 2 B, TTORE I PE A2 B, £ 22 R 1A ST e tH B T
—LLRIER, U “disease” ZEAEA [R5 3% Hh AT B8 2R 78 N0 AT BE R 7 N AR SE K. MeSH HFIETE
MEDIC FHIE B3Rl F/NREESE & T 3 MEREFRbF.

S5HMARGHMRELLE. & 12 FIH T AR 255 i 24 nPERe L, H P BANNER MY
K ) A2 45 608 AR FFAE ) CRF #575Y: TaggerOne M K Lou 45 18] N SK FHBE & 2 2] J7 1k 23
PIps 2 R AL TEAL, AR, TaggerOne {fHIfE Markov BiA!, Lou 5 M AR LR SLHL KL
PR A SEAR A BB 27 3] ; Sahu 25 19 & D3NER (23] 240 WK 40 28 WX 48 1 7925, i & 1
Bi-LSTM #%, J5#f# ] Bi-LSTM-CRF. A SCRH CRF BB IE BN T A)VEFNE SURFIE, & 12 H 4
— SR I s E R AR R IR, R 12 ] DU, BRE 5 SI TR T — 1) CRF 4, 2 Lou
S TR O B A TR A ST ARAE B Y A ), R Re AN ), Fod, A0 BUE | D3NER
ZGfEH CRF 454 Bi-LSTM HIMEREIL T S H Bi-LSTM [YERE; ASCHVEM P/R/F1 TEREFER
BT AR RA R YERE SR R, JCHE F1 EIRS T 4T et GE 85.3%, X Ut B A SCHE H ) 4]
FERFIEAIE SCRFAE 2 R 5 A 2.

AIAEAESE CRF MR FSEAL &, - 1 7 — REVAI RIS SCRAE, g, 1R77 . 485 A XL
PRI S, A R 1 AP SR A 0 44 KR P RE, e b A 92RFAIE AT LS B i (X 5093 42 K 32
G, AR ERHERT LALE CRF HEAY %2 3 T 22 (1950 44 FR, 17015 X gm A RHE AT LU 24 31 MEDIC ¥ 22
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HH PR LA AE MeSH e B R ZRAE B, #E— 05 o 4 PR Unl P g

FE N — B TAE, IRATIE AN J7 T 0]/, — 2 AR SO P AR 2 2 6 504k, il
“VHL-positive and VHL-negative RCC” 73X F “VHL-positive RCC” Fl “VHL-negative RCC”
PRI, AR T2 S N A SR IR R . R B TR B 2 STE R AR o 1R 4 e A e i A%
GiNLas 7 2107k, FATRAIRR AR B Z W 5 A58 ) PR 2 3 7 1okt — 5 32 s SR R0
PERE.

SE
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Disease name recognition based on syntactic and semantic
features
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Abstract Biomedical entity recognition (such as genes, proteins, chemicals, diseases, etc.) is the foundation of
biomedical text mining, which plays a significant role in extracting biomedical entity relations and constructing
biomedical knowledge bases. To deal with existing issues of the current disease name recognition systems, this
paper proposes a series of new syntactic and semantic features to improve disease name recognition. The syntactic
features include chunk and dependency information, while the semantic features include the disease abbreviation
form, its dictionary entry form, and hyponymy relationships between disease concepts. Experiments over the
NCBI disease corpus show the CRF model, combined with these syntactic and semantic features, can significantly
improve the state-of-the-art performance of disease entity recognition, achieving an F1 score of 85.3%.

Keywords disease name recognition, conditional random fields, syntactic features, semantic features
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