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Abstract Dependency parsing is a crucial task in natural language processing,aiming to identify the syntactic dependencies be-
tween words in a sentence. However, existing research on dependency parsing for Chinese electronic medical records faces follo-
wing problems:current general-purpose parsers are unable to accurately analyze the situation when there is a lack of components
indicative of grammatical structure and a variety of positions of modifiers. To address these issues, this paper proposes a method
based on a dual-scale collaborative enhancement of large and small language models for dependency parsing of Chinese electronic
medical records. Specifically,we first analyze the linguistic features of Chinese electronic medical records,and propose component
completion to indicate special grammatical structures in medical texts. Subsequently, we utilize a generic parser for dependency
parsing, for the parsed syntactic graph,we employ the prior grammatical knowledge of a large language model to modify it auto-
matically. In addition, since our approach focuses on narrowing the feature distribution gap between medical and generic texts,it is
not constrained by the lack of annotated data in the medical domain. This study annotates 444 samples for dependency parsing of
Chinese electronic medical records. which validates our method. Experimental results demonstrate the effectiveness of our ap-
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tle data. The proposed method also shows significant performance in various departments.
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FHi E DEP By LAS f8tn e m & F+ 7 11. 22, UAS $5 b5

LAS= (12>

UAS = (13
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BT T8, 93BG KB T/ i I DEP ) LAS $5§ b5 B
T T 9. 45, UASHArmm e F+ T 8. 1. A kR e

CEMR _I- 41 5 JE 2% 5 AU, 3% B L n] LA & 4b 3 CEMR 1 1)
DEP %% .,

F2 XFHEELE R

Table 2 Experiment result comparison

IRCE VL ¥ JE JLH R I
t-our method
LAS UAS LAS UAS LAS UAS LAS UAS
HanLP 73.69 76.91 78.52 80.91 HanLP 80.53 82.87 83.68 85.73
DDParser 77.42 78.83 80. 50 84. 54 DDParser 84.58 86. 21 85.12 87.57
LTP 81.20 85.67 83.67 86.92 LTP 92.42 94. 60 93.12 95.02

A S P AE JLRRRE PRSI0 L R T L
Sy FLECHE B8 2 DA I PR i 48 19 IR 4R SR HL WA AT AT 6T B i
T, T 9 I DR H 9 7 B A T BT FR 2 R b 1 I R 2 #
FPEM BT 45 (CHIP-CDEE) L % 5 4 i B 2% & K B 47 H 4%
B, oA 254 58 R e 4%, MAh, 3% 2 RIS RIGHE T 4
SCOTIRFEAN R B E M B T T 9 DEP g W E 4R T R
%5 ST VE A T CEMR #9388 5 ¥ .
5.3 MCI =38

DMCI $c¥54E . FIR CBLUE A9 b 3 BE 224 45 52 R 51
V2 AT SR B A TF B R T MCT AT S B dt, X F
J AR 0 50 R SCAS 3 o 3 R 5 43 O 0 AT W 8RR A 3 A A AR 3
b e B D BB 3 B 3 B G B SCAS L AR e R AT
FRTE . BRI TR AN BN 3 TS,

F 3 MCIAE 5B L PR 4 5 B

Table 3 Details of MCI task dataset
B-V B-A B-C BB
I % & 2393 2574 2685 3633
it g 1293 1087 963 1368
R & 1296 1247 1023 1391

)L E . A SR MacBERT-base 55 , % 45 %1 fiy
SN 102X 10°,12 2, RBUZ 4 & 768,12 43k,
MacBERT #5554 (2% > SRYEE N 2 X 1077, H Al 5 B 24 5 545
BN 2X107° A Adam FE MR AL A OB L AL J ORIV B R
16 FEAT YN,

3 MIFHE AR . MCI 52 56 5% FH (9 31 00 48 #7543 15 K f 32 P,

Horfr, TP (True Positive) & 78 # 1E 8 1% 5] (4 1E & 4% ; FP
(False Positive) 7R~ # 5 12 PR Il () 1E #£ 4% ; FN (False Nega-
tive) F7R BEAE IR YU FUREAS s o 1 25 & VT Al A 280 M i
MCT iy 5 B 45 SR I 5% 4 fr 31,

4 MCIIR 5 RS s 4h
Table 4 Results of MCI task

P R F1
MCI 62.26 67.32 66.09

5.4 LLM K E XI5

FIF LLM B9 T 302 3 g 01 ok #h 4 Bl 2k B4y, B4R
LLM FE1ZAT 55 vh 230 5100 (1 M RE L (0 408 & B 34098
LLM £ 7= A f B A <5 60 A= s R SCH P G 55 BE 2
PR I AR, R RIE LLM % 4 45 560 B &, X
LLM A iz €70 5 35000 45152 28 47 40 B 5 3R 0, 9 1) 2% 4%
S AL X H A R A R BEAT Al 0E . A SR 5 R,

M LLM (5 &) Pk F7E 3047 0 #h & it 2 5] A4 IR
FRCERSHBLLIT 3 MR m,

DANFEAEASR, MFE 5H 2479, CAHMES £
R R R ATU; W48 R/ h a0 2107 i/ 3l M 48w i, |
A AT A T8 TE 3 U TR 7 R bR O T kb S 4 SR N 7
CRVERTES NS B 0 LLM R4 kb 7 R O R
P i g Hp A [ A

DEIATURER . W3R 5 %8 3 47, LLM Jy SCAR“ R
B IR 4+, JRAE 3+, IR H 3+ 57 IR B Ab 78 Bk 4t
ARVJE SRR TICAE BRI 2 R A4 1+ R 44

HEFE R ME, . M 27 B LR — A i BT RUR ) DEP AR

[ - (1) U FICAE . W 5 BR 13 LLM B KSR
) R R 3R K A R R (0. 1 u/kg/h—0. 05 u/kg/
R:%] (15 b7 IE B RN FE T HE A I AR R R SR T O T AT
VPR BT LAS F1 UAS 4380 158 75 07 1IE 5 A4~ 15 v 1 22 ] 4 a5 —

F=pFRr O s b b 30 5030 0 25 2 B30 LAS A UAS 405052

* 5 LLM LIS
Table 5 Analysis of hallucination in LLM
#Exn N AT Bk E K 8 th A& T 1 BERH/ % AERH/%

WS EFRE: FRMYH

A7 L E R ATU 8 5 37 o 3% 21U, (10.B-A)
WAL R 3t RE
AT A B %fﬂ.%ﬁﬂ4+ﬁ%§ 3+ R E 2.5V
g 3+;
S WA TR B 4
S T, TR S & R KA AL LB

(0. 1u/kg/h-0.05u/kg/h)

EMmBEREN . FAEWMFR

ATU % 4 o 4 21U, 29. 74 24,75
REAE T RE 4+, ]4 3+,

KEA 3t R#hm 2+, kR AH 24,15 21. 36
Mol R 2+

[l A 3 4T 2 LT

e B FHATIR B E B RCER 1737 16.17

#r9E (0. 1u/kg/h-0. 05u/kg/h)




VPR L 45 - 35 T /N 7 R B 1) 484 5% 64 v SC VL T AR D 15 0 259

XFF LLM 5] A B85 3R 05 B, 55 58 i3 45 & MCILIR 5
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A EAS R B8R LLM #4708, S8 2% I Bt 0 45 & 4T 45 TR
BIZE R, Bl TASRAE B D, i KL — R LLM %
AT BRI 0 TSR AT B 20 W] LU — 2B LLM
TN F A S IR R LLM R B 5 B 5 T4 R 5 R
30, AT LA R LLM 18 Jf S 3Rl b A7 4h 4, R 2 ek 3 i
AES
5.5 HBhIIG

AR SR A TR BT 55 U SR Ok 43 RN s L O 32
HHE 2 HE AT B 2R A N F LM [ 348 1E iy 7 =X 5 T E
BRZE CEMR i) DEP 202, b T I UEX 3 #4419 A 5%
PEL AT L LTP R 3kt 547 T — R FIE LS55

D8R B R . 8 SCT B B PUIAT 55 L 42 H R
SC(]UCHCC’tO’SCQUCHCC E@ﬁ%iﬂ%ﬂ/ﬂ%qﬂﬁiﬁﬁk%ﬁ@ﬁﬁ&ﬁk
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Table 6 Results of ablation study
LTP LA A R ¥ AE
) LAS UAS LAS  UAS
+ ChatGPT 85. 60 88. 96 86.95 89. 38
+MCIM+ ChatGPT 86.92 89.07 88.91 90. 29
+ ChatGPT+feedback 87.77 90. 31 89. 27 91.73
+ MCIM+ ChatGPT + feedback 89.45 91.35 90.07  92.31
-+ Auto Modify 84.56 87.72 85.92 89. 28
+ ChatGPT++ Auto Modify 88.52 90. 84 90. 21 91. 39

+ MCIM+ ChatGPT -+ Auto Modify 90.79  92.02 91.16  92.89
ChatGPT+ feedback+ Auto Modify 90.28  91.79 91.37 93.74

+ MCIM+ ChatGPT+ feedback+

92.42  94.60 93.12  95.02
Auto Modify ?

B3 6 T, 5 B0 LLM [ 330 9 Bk 2 B 4y Of #h
4 1¥) DEP 25 F 40 o, A 6 i 43 B0 2 X LLM 347 5]
T4 DEP 25521 LAS feAr i w27 7 2. 27, UAS f8hi e i
TET 2,81, XU Bl A A U B T LS B LLM 7 6
U] F v e i B 430 8 5 26 L TR T LLM 19 A= R R
J1, LA E 8T DEP g5 R, X TRE 2B 8 LLM MK fig
% 52 WL 2R BLAMT 55 A0 R T BUAT 45 7218 R P OF R B UL, 181 i
TE/PMMEREG| 5,

DT LLM A0 B &80 5y . A T 4/ CEMR
553 F rp S SO ) Y 25 8E L 48 HOR A LM b 4 ) 7 b
Je W4y LLFE 4RI LTP i DEP 1. RIRIEZ F k0 A
Rk B R LTP # 47 CEMR iy DEP 43 #7, Jf H #%
Xt LTP (% DEP 25 #6471 A sh&IE .

I FH B 3 B 43 b 42 ik W] LA 8% 46/ CEMR 538 FH o
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FIAH LLM A sh& Bk E G, ol DLk — 25 $2 T+ DEP 2% 5%, 1
O LAS f5n AR T T 3. 36, UAS 8 AR i 2 7+ T 3. 25,
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