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Clinical Findings Recognition and Yin & Yang Status Inference Based on Doctor-Patient
Dialogue

LIN Haonan' ,TAN Hongye'?* and FENG Huimin'
1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006 ,China

2 Key Laboratory of Ministry of Education Intelligence and Chinese Information Processing, Shanxi University, Taiyuan 030006, China

Abstract Clinical findings recognition and Yin & Yang status inference are import tasks in the field of intelligent healthcare. The
goal is to identify clinical findings such as diseases and symptoms from doctor-patient dialogue record, then determine their Yin &«
Yang status. The main weakness of existing research is as follow: (1) Lack of modeling of semantic information and dialogue
structure in doctor-patient dialogues,leading to low model accuracy. (2) Implementing it as a two-stage process,it will cause error
accumulation, This paper proposes a unified generative method that incorporates dialogue information. It achieves this by con-
structing a static-dynamic fusion graph to model semantic and structural information in doctor-patient dialogues, enhancing the
model’ s understanding of conversations. And utilizes a generative language model to unify clinical findings recognition and Yin &.
Yang status inference into a sequence generation task,mitigating the problem of error accumulation. Additionally,it improves the
accuracy of Yin & Yang statue inference by identifying Yin &. Yang statue indicator words. Experimental results on the
CHIP2021 evaluation dataset CHIP-MDCFNPC show that the proposed method achieves an F1 score of 71. 83% , which is 2. 82%
higher than the baseline model on average.

Keywords Doctor-Patient dialogue, Clinical findings recognition, Yin & Yang statue inference, Dialogue modeling, Unified gener-

ative model
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Table 1 Example of clinical findings recognition and Yin & Yang status inference
FE XA [y &) RIS
21 Ex.ZEZRAAREDG? HEHLRER? R K A KA
H# AR EREHAN. R R E BE
_ B A ZHD? T . ;
T 2 Bk R - %% 7 % . T
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w3 BE A -AR . ZFHRLERLFAMFLLE, IR < M H

B EMARE T WEREHIL.

KR E RE ARE

T 1) 75 1613k [ vl A £ L A 3K 4 (CHIIP) 2021 5 2 %o 37 1 U % B0 1 BH 44 340 590 3 S04 55
2) Hofth . RN B R AW LW, AR RN SR SRS T,

HT, BT S5 B E R T IE T KL 2, B — 2K R
FETFHB B 2. B, Du %0 Lin 55 7855 — B B
oL P 90 s 2 A8 R 0 A i 44 S5 PR U AT B0 0 R A B L 7SR
W B I R A B EAT 20 2645 B Al A9 B B AR AR S . (HJZ X b
T Ty 5 RS R B AR )AL [a] i 28w A [ i R e B2 1)
BOIC AR . B 207 vk R AR AT 1 L 3% T VR R I R S BRI
55 [T B A0 530 A AT 55 8 — A S — > A AR e R, A
U0, Finly S Li 555030 0 K % 30 A i A0 B BH AR 259k
B AR, $2 WURe BEAT A2 A, 3 b 7 125 38 T LA 3l 3/ 25 A
PN 55 S T N A B ARG R b AN [ i R & B ) 4 1k R
T,

SR TC 8 2 W B Bt 7 V38 J2 A O i A B RIE 5 R
200 BT X U AL A B — ) T 2 SOAS, 2 TR B 4 AR R AT
B 2 X i S 1] B T SL RS S A A 0 e S A R R
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N7 S R B R S AN A Ao SR L ORI
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FRA PR . AN 3 0 B B 97 SO R B I B 25
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EEXF Y B 1, Du G580 7R B8 — B B3R 2o ) 4 A AR
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Fig. 1 Unified generative model incorporates with dialogue information
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Table 2 Examples of discourse relations
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g (i,j) =g, (KeyCoooc(z;,x;)) 9
Hri, v 2, R ERRXTERRE 5% 5 A F, KeyCo
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Horfr, g XIS T AL E A P A R B L E D XS R A
G RS HE RS e, € R& FRIR AR

TG B 3 A A K G #EA7 Bl A 8 A~ 1B 09 < 432 50
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Table 3 Overview of CHIP-MDCFNPC dataset
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LU A 25 5 %o 17 PN 2 6 1 B S [R) I DR & 0 B RR PR A5 (3)
W 50 B 1) 7S 191 AASE R il R A T

SR CE SRl ] Pytorch R & 2% 2 HE4L, 78 Ubuntu
F45 1R NVIDIA A100 #4745 789 (9 Y1 2k A ik . A SCff
I BART-large-Chinese A i 3X i 5 45 75 £ S0 FE Atk L 4 4 1)
[l 4EJE Ny 1024, 2223 5X10°°,Batch Size % Jy 32,
epoch & 50,
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Table 4 Results of comparative experiments

%)

HA P R Fl1 Macro-F1
K-BERT 68.01 68. 84 68. 42 73.76
SAT 69.15 68.43 68.79 74.46
FLAT-SAT 70.22 68.68 69. 44 74.73
BERT-SAT 68. 87 69.55 68.21 74.34
MIE 68.98 68.08 68.53 74.41
KTGF 69.57 71.19 70.37 76.21
ChatGPT 68.13 70.57 69.33 75.96
Ours 72.75 70.93 71.83 77.92
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THRLSEER TR T 4 FhAELL, SeR g5 R nsk 5 pral,
K5 OHANERR R

Table 5 Results of ablation experiment

%)

A P R F1 Macro-F1
w/o #AH 71.87 70. 42 71. 14 77.02
w/o B A H 72.08 70. 50 71.28 77.08
w/owA-AwmAEH 70.31 69. 14 69.72 75.43
w/o [ FE M 48 7R 37 R A 71.58 69.73 70. 64 76. 81
Ours 72.75 70.93 71.83 77.92
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Table 6 Results of ablation experiments for different static graphs

7]

A P R F1 Macro-F1
w/o EA X F A 72.24 70.59 71. 41 77.28
w/o %k # i £ HHE 72.29 70. 71 71.49 77. 34
w/o X i & A AL E A 72.13 70. 62 71.37 77.12
Ours 72.75 70.93 71.83 77.92
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Table 7 Results of different dialogue modeling approaches

[€79)

RS P R F1 Macro-F1
SSAnet 71.93 70.15 71.03 77.08
Coref-Attn 72.09 70.50 71.29 77.15
Ours 72.75 70.93 71.83 77.92
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Table 8 Error analysis of clinical findings recognition
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