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Abstract The authors design recognition features with the consideration of medical field characteristic for the
online medical text, and the experiment of the entity recognition is carried out on the self-built data set. Concerned
about five common diseases: gastritis, lung cancer, asthma, hypertension and diabetes. In the experiment, an
advanced machine learning model Conditional Random Field is used for training and testing. The target entities
include five kinds: disease, symptoms, drugs, treatment methods and check. The effectiveness of the proposed
features is verified by using the experimental method, and the accuracy of the total 81.26% is obtained and the

recall rate is 60.18%. Subsequently, the further analysis is given for the recognition features.
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Fig. 1 Chain-CRF structure
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Table 1 Category of named entity
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Fig. 2 Entity recognition flow
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Table 5 Dictionary experiment results

P/% RI% F1/%
SAR
B B+D B+Ds B B+D B+Ds B B+D B+Ds
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Fig. 3 Experiment result changes with different e
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F£9 FRFAELE 2R accuracy

Table 9 Experiment accuracy result with different features

FHIE A%
word 90.53
+pos 92.67
+al/num 92.69
+suffix 93.53
+body 93.56

PS5 R R B & LUT JUAM RIS AL 1) 75
HFARUER, Flan<pEs CT kKed HaRsH 7<CT
K>, il T AHIC R TG 7R EBAL, v Ja 780 fili 93 15t s
TAE M e AR B 2) AU R K SR,
BB 2e” , <BRFE R PR R E R, 3) 1R
o328, BN B (PR ) B iR 2R 2. S EL
IR R T B S B A 5, R —2 T LAY
FEHRLE, FERHE, SR RRIUE LA A 4R
TEVEA TS50
3.3 HFESHT

XA FIRFAE AT I S g0 2R W, ) MR IR 0 JS 28
FRAEXT TR BIRCRAA R R A $E T, i LAAS SClE 47 LA
TP ST .

331 BELEIAEHBEXST

XL TR MR LR A S R T S I SR Y i —
AL R L2 A TR I S — SR A IR,
10 iR o EFXThRTE R 259 1 iRiE Sy i b, 3 b
Hoaa Ay i, mr— A2 shinl i, Wby, JE
—ANAR RS, A ew, SRR T R 24
Y%A 218 “medicine”, DA I IX A~ 24 44 9 1) 14 4 A
hvtmedicine+w” . AT X AR [R] S A S 51 7E 1)
PEA L I B, FRATTZ WIS R SEAR Y HE A | 30
i) PR B T L (BT 4) . AT LA Y, 259026
B TR A B D, 15 P 24 40 3k 24 S AR 194 ] M 1 A

& 10 AESHAFRE

Table 10  Sentence sample for part of speech analysis
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Fig. 4 Different entities pos constitute mode frequency chart
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Table 11  Top 10 patterns of drug class’s part of speech
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w+medicine+w 858
v+medicine+w 249
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Fig. 6 Suffix distribution (check, medicine, symptom and treatment)
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