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ZHOU Haoran

Abstract; In the context of er&)f Internet health, there is a massive growth of health data. In order to

solve the problem of termi ardization for heterogeneous data in medical data integration applications, a
technology using PubMe alculate semantic similarity to achieve medical terminology alignment is proposed.
This technology us ined models in specific medical fields, and enhances semantic information with
abbreviation expansion thods. Then it is compared with traditional similarity calculation models, BERT
(Bidirectional Encoder Representations from Transformers), and their variants. The experiment on the test corpus shows
that the accuracy of PubMedBERT pre-trained model TOP1 has improved by 18.79% after abbreviation expansion, and
the accuracy of PubMedBERT models TOP1, TOP3, TOP5, and TOP10 reaches 78.49% , 85.69% , 87.44%, and 89.54%,
respectively, which is superior to other comparative models. This method can provide an intelligent solution for medical
terminology alignment work.

Key words: semantic similarity; term alignment; expansion of abbreviations; PubMedBERT
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1 #HX#F3 (Related research)

20 42 50 4R, EIPRBE S AREIRE AR R0,
FUAHA  BYF R B ELR 0L o SR ER 2 2 PR AR
TEARETT R H R G IH B T BEA AR TEAH AR R & & A
AT TAE, WA, BEEAREREA TR R RZEE TR
E s R

BEXT FE Brob o B2 27 R 1 4R ) A i B2 2 AR X 55 TAEE
AL IBETE . BN B =D 24 UR R 8 S AR
PR AT T AR T i IR DU IR 33T K 45 R R A A
HEPR A AREEW M IR AR IR B B2 SRS RR
(Logical Observation Identifiers Names and Codes, LOINC) &
¥R G 44— IR R R 18 (Systematized Nomenclature of
Medicine-Clinical Terms, SNOMED CT) %& 3C A i 4 ) % 5 3¢
R DRARAE e SCA A U 3% WMID S8 & ik 5
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Functioning, Disability and Health, ICF) Zwfi 2 [8] (4 % 55 TAE
Frhfp 0 R T —Fh A ] Skip-gram 17 [, LAY 5L AR
RLRE AR it o 38 o 23 BT i SCAR R 5€ TR AL 20 24 B 5 L B
ML ARITESE ICD-11 L ARE RS,

T EPRE AR EAR A TR L REHANRER. £
TR RN Z bR AT 4 58 SO FIAR LRl & RE s T A= . i 4n
LOINC 8 1 F 58 B 5 SNOMED CT 1y Xf 5 4 %, [A] #f
SNOMED CT #5328 T 5 1ICD-9-CM, ICD-10,ICD-10-CM, ICF
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PubMedBERT AYFEA LA 40 15 DU AN 53 - Fag AR | G i 4
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(Masked Language Modeling) #L il F1 NSP ( Next Sentence
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Fig. 3 Comparison chart before and after abbreviation expansion
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RV RER U O ZRis 5 B BRI 2 L I AT RE 2t TE 48
RRERLAN REAC e b PR A B3R 2 AL SO &R . [l REE I B3I
SRl BRSBTS S A oK
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Tab.1 Performance comparison of models

HEME/ %
foeny
TOP1 TOP3 TOPS TOP10
LSA 46. 40 48. 90 50. 10 51. 48
VSM 54.91 62. 26 65. 20 66. 00
BM25 54.93 67.71 71. 10 74. 83
PubMedBERT 78.49 85. 69 87. 44 89. 54

3.5.3 AEMIIZIE S HEBXT L L8
SrHraR 2 A, M T4 IR Y B 2 )5 , Bio_Clinical BERT
%l 5 PubMedBERT #%£# TOP3, TOP5, TOP10 4 #E i % A
ZIHAKR AHLE TG BRI B, PubMedBERT #: % TOP1 A% 5
A . ANFESRIZRE B R 09 X ) 5 AT AR B 25 4
FHMERL R HHEOCER , A5 B FH % BERT #5221 Bio_
Clinical BERT #£# . PubMedBERT # %1 )I| 455 F 1% 15 8} 13 43
1) g0 PR R I PR SCAR HIT MIMIC I8 3% AR W B 2R B R, B
MTAE TR A3 A1 255 T A5 AS ) 22 Ak s A 250 1 EL AR P e 2 B1
BRTERDY AEMATERE R K . PubMedBERT #2716 A

X FFATL S5 PR R AR .
R2 ERBEFIFEAPIEER

Tab.2 Experimental results of each deep learning model

HEM#E/ %
pom
TOP1 TOP3 TOPS
BERT 67.61 80. 69 83. 25
Bio_Clinical BERT 73.99 84. 30 86. 68
PubMedBERT 78.49 85.

4 #5i2(Conclusion)

EF R BT R AR AR
PEMBG RS T —Fizg
% PubMedBERT FHA 5% AH LA F e e S N
SF R TAL BT 2, BEATORIE X 3¢ TOP-K i 2 79 3
SEEGEE AR, 4 Wi PR X B 2 AR E 1Y i R B
FH BT 8 2 T By TN A 0 i ARG o 545 A T ge i M
U R, I H A0 R Y B )5 , PubMed BERT # 8 AH 4% F
BERT A0 K HAFAREAS T T4 BRCR , I b i T S04
X SRR GRS Y R ST . #% PubMed BERT #7155 45 #E 7]
VR BARGE G AR T Ll AR A2 ARGET IR0 gt 5 3R
Pb—5E (5 Bl TRV Sy P8 8 SOARS ST 45 169 58 R 436 T — o
S T2 TAE R BRI TOPL By MERG 38, 50 4 ith
PETFWR Y B, [, 2 R T R AE AN R B 4 sk
S PR Rz AL AR ) L RE SIS ] T 2R E AR
2 A R FEAT 5
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