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Abstract: Traditional terminology standardization schemes based on template matching, artificially constructed features,
semantic matching, etc., are often faced with problems such aAs‘low terminology mapping accuracy and difficult
alignment. Given the colloquial and diverse expression of terminology in medical texts, modules of multi-strategy recall
and implication semantic score ranking are used to improve the effect of medical terminology standardization. In the
multi-strategy recall module, the tecall method based on the Jaccard correlation coefficient, term frequency-
inverse document frequency\ (TF-IDF), and historical recalls is employed. In the implication semantic scoring module,
RoBERTa-wwm-ext is adopted as the scoring semantic model. The usability of the proposed method is validated for the
first time on a Chinese dataset that is based on the systematized nomenclature of medicine-clinical terms (SNOMED CT)
standard and annotated by medical professionals. Experiments show that in the processing of medical knowledge features,
the proposed method can achieve favorable results in practical applications of medical terminology standardization and
has high generalization and practical value.

Key words: term normalization; knowledge mapping; deep learning; ROBERTa-wwm-ext; systematized nomenclature
of medicine-clinical terms (SNOMED CT)
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2 X precision X recall

F1 ©)

precision+ recall

2 (6) 1, TSARZAE TR 1= A ME & B FE A, NAX
TREARE, A CRA BinE HaccuracylE TN FEAR.
422 B RERR

AR AREFFAEAAT S5 AE s e i & 13 [ Ak ik
WESHE T P BAT 55 Sk SEELIG, P DAFESX PR S 43 T
WA AN 5] (1) 8 B She i B At ATT AR 28R ka2 7 [l By
B AE A [F 2 (recall) 1 RN FaHR. FHrecall 1T
A XN (10):

z": (GinTy)
1

n==r 10
reca v (10)

Horf G 36 5 B A T 4 AR LA 7 R P i

MRS, TARom i ARl SR () TR B 56, NAARTE i
Tl LA g
43 SRITRBAFL
43.1 ZSHEE

AHEH T RoBERTa-wwm-ext 1 A2 il X
PEOREEL, T Adam 1EARALES, SR80 R A A A7 K
/NS 11 GB, —3K 2080ti GPU . Dropout rate ¥ &
0.1, %313 N 2E-5, batch_size N 64, &y /2 4 &
9 768, BRI E] KR 64.
432 R0

FE 35— Wy B A 8] 32 AR S50 0] by 5 4 0] 7 1, B

SIN T WERREA, FR45 G A F K ZRFEA ], 1521
2R RCR o (PR 25 T SO RN 507 58 AN R J
A5 [ SRS ROR R 4.

R4 FERM R SR

ﬁ% (P’ Nrandorm Nhard) fﬁﬁﬁ$
1 (1, 1,0) 0.409
2 (1,1,1) 0.332
3 (5,5,0) 0.610
4 5,5,5) 0.653
5 (10, 10, 0) \ 0.621
6 (10, 10, 10) \ B 0.796
7 (20, 20, 0) s " 0.638
8 ¢ (20,20,20) " 0.878
9 L (25,25,0) 0.604
10 (25,25, 25) 0.843

F 4, PARFEIZRAE T I IEREAS TSR, Moo
HARZEBEHL SR AR, Ny, FA032 W R AHCR
R T ARSI SR T SRE AR 0 LA, 7 LA 0 24 91 5
FOREARGERE 1:1 55 1:2. MELE T8 UHERF (125 KB,
72— 90 B A A O\ R FRE A 2 .35 R T i X
HEFE AT R ELREINTE + §REAR 50t 7T L
THEUR R S T HLER 7 938 SUBLA 28 45
SR 25 0, RS0 4 7 TR 445 4 B T 4% TR HE AT T %
HoS . 7E 7 A R . OE BURE A M 4 B (P,
Nrandom> Nnard)=(20, 20, 20) B3 T, & 15 XZR 5 A A
FICR I 5. \

xS %Eﬁ,lﬂ%’éﬁ!ﬁﬁ%ﬁﬁ%iﬂﬁ?%l%ﬁ t

T SCeh 2 4 7 B OR, 26 3 BR TR IR 7 i 7 A )L ™ -
(e W25 73 B 3R 1% % % +BERT-base 0.869
2 % SKIE+BERT-wwm-ext 0.872
#3 RS E R 3 % 5 M%+RoBERTa-base 0.864
EIEVE:S Top-1Top-3 Top-5 Top-10 Top-20 4 AT 0.878
Jaccard RELH [H] 0.525 0.707 0.762 0.820 0.866
P s 4 [l L 0.284 0.426 0.470 0.515 0.548 MEE SRR T, LR F AR R 09 A [ e ms Ho28 5718 X

TF-IDF A A & 0.285 0.438 0.487 0.549 0.605
TF-IDF + JJj 52 A 5] 0.457 0.621 0.670 0.718 0.756
TF-IDF + JJj 52 + Jaccard REL A [l 0.843 0.872 0.919 0.983 0.985

R 3 MERORE, A ST I A [ 5 2 AT I
PLH. B — T390 A (] #RAN RES S 2 7 o I RO
gt 2 s A o], Jerp RS A 7 AEAT 10 Femifs
JrRENEIEE] 0.983 [ A [A[ 5, HEAFEUS I o LA 2,
Fit LUK B AR D45 v SCHEP B2 PR e N 8 0 A i ik
ML AV SCHEFP B B, D T 3RS S AR A CHE AR
B, ARSCR A T A R SR R 3 e A AR DI ZRitkt

iR i = o AR E o S O TR U N L
RoBERTa-wwm-ext {E AL & 15 CHEF BRI T &
A RN 2 518 CRAERE /), IF H AR BE[R) 28 H A AR
R ROR B4 X 72 BT FAE AL I 2k 07 ORI & 1)
YIZRiE R AT SR B PL 3, Sea 45 R R T AR 7 VALE L
SNOMED CT Ayt #) B 2 AR AR AL _E BT A7 &
Pk,
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R SCAE AR P I 2 R R A AL B B L, 3R T —
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