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Generation of Structured Medical Reports Based on Knowledge Assistance

SHI Jiyun' .ZHANG Chi' , WANG Yugiao' , LUO Zhaojing” and ZHANG Meihui'

1 School of Computer Science and Technology, Beijing Institute of Technology,Beijing 100081, China
2 School of Computing,National University of Singapore,Singapore 117417, Singapore

Abstract Automatic generation of medical reports is an important application of text summarization technology. Due to the ob-
vious difference between the medical consultation data and data of the general field, the traditional text summary generation me-
thod cannot fully understand and utilize the highly complex medical terms in the medical text, so that the key knowledge con-
tained in the medical consultation has not been fully used. In addition, most of the traditional text summary generation methods
directly generate summaries,and do not have the ability to automatically select and filter key information and generate structured
text according to the structural characteristics of medical reports. In order to solve the above problems, a knowledge-assisted
structured medical report generation method is proposed in this paper. The proposed method combines the entity-guided prior do-
main knowledge with the structure-guided task decoupling mechanism,and realizes the key knowledge of medical consultation da-
ta,taking full advantage of the structured features of medical reports. The effectiveness of the method is verified on the IMCS21
dataset. The ROUGE score of the summary generated by our method is 2% to 3% higher than that of baseline methods,and a
more accurate medical report is generated.

Keywords Medical report generation, Pre-training model, Generative summarization, Domain knowledge prior, Task decoupling
mechanism
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3.1 BE&E5IFEMIER

A% S0 B A FH 04 )32 3o 35 254 AR IMCS2100 2 5 v 3
BE¥7 {5 . 4b B 3T U AR . CBLUE ( Chinese Bi-omedical Lan-
guage Understanding Evaluation)™ [ & J7 #% & 4= W AT 4
IMCS-MRG., 340 % 4 116 41 4il b7 B b5 1 B9 & 2R % 3% B0 8s 2
Bl B 5 10 FOLRRE R R SR an sk 1 gl . IMCS21
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F 1 IMCS21 B 4 0 TEANGE T B0

Tablel Detailed statistics of IMCS21 dataset
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BoHE # 4116
BAFH 164731

I iE A B TR 40

T3 IE A A T A A 523

P AR Ay A B e B ) 580

F 2 IMCS21 $ys SR 4l
Table 2 Example of IMCS21 dataset
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Table 3 Experimental environment

& 5 B E
it 4 % CPU & & Intel(R) Xeon(R) CPU W-2275 @ 3. 30 GHz
R4 %W HE AN 512GB

%% GPU & & NVIDIA RTX A5000X2

RsBBERE Ubuntu 22.04.1 LTS
CUDA J& & 11.3
Python Ff & 3.8

R ¥ ERRAK PyTorch 1.12. 1
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3.3 5EZKEBITLE S
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A7 2 A A T S B 8 R AR AL 2%

2) Transformer : 3& T Attention AL A4 4 1% 25 iS5 2044
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2)Bi-LSTM.: & F L1 LSTM Ky 4 5 25 75 4% Je 4y, P
i IR m) LSTM A Sy i B 25 -k B4 45 22 4 v 00 4 15 &% i A%
e TR TH B 1) LST M.

3)PGN 48 &1 A= 1% % ™ 2% (Pointer Generator Network) ,
WE e 6% DA D S rb 52 33 1 s B A D S b A A R EE Y
HETT,

OBART : X1 [ [7 578 JE 4% (Bidirectional and Auto-Re-
gressive Transformers) ¥ %1 i F] A5 i i % F Transformer fY
730 3 7 5 454

5)ProphetNet"?* ; 3£ F Transformer H % 5 %% - fif 5 £ 28
4, B 0% 25 20 b TE I 2k 2o AR v 52 0 A A IR 200 1) I 90 R Sk 1
n NMFELF,
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BAE T3 ILIET7 AN SR i A ) 28 2o U311 &5 014 4] 1) &, HL
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ProphetNet, BART.T5 X 3 2% i Jfl Bl 4R 4 B9 f) Jy i, AL 3¢
5 1% A Ao TN R Y ) i L S Ao U R TR S e AT 55
Sipp R AL AR ol A5 2 B0 O U SRR R AE GBI, LR 5 B
ISP FB S A 2 A OC B L AR BT R R TR B AR 19
AERAPE S R A I SR B A 2 O T 3 — 25 0 TR R A T
Forp A SCHTR M £ THEA) BART 785 Oy 55 2R A e, 3L
PEREFE #p b FE LR A A 41 ProphetNet 1 T5 B 22, 1M 45 A A X
AR JG Jo M AR 46 AR R F I A SR A AL, Hy IR B T AR S T AR

B A M. [, 7E 22 Bl SCAR R AT 45 R B B 1 gpt-
3. 5-turboE A% S p 3% B A 25 ) 3 B D O, O BB AR S
B I 25 2 B i A G o X RS TR AT O R BR R AR A, Ut
Hb AT B UEAS SCTT I A A FRAT S A SRR B Y B e
WATILRE. R 5 s, KA EWIT A E & E S Trans-
former 2R (1 77 B S AR A ], 7E % B P PN K B (=512, B
ERILYEE d=768 BT . L T AE Transformer 424 By 4%
R W] DL SCR R A RO . AR SCIE B X T R O VR T R T R
N R B i A Nt RE AT TSR R L 5 ARy vk
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Table 4 Performance comparison between our method and baseline

methods

RS ROUGE-1 ROUGE-2 ROUGE-L
CNN 57.92 43.91 55.95
LSTM 57.88 43.72 56.06
Bi-LSTM 58. 89 44.07 56. 39
PGN 57.27 43,41 53.64
Transformer 53.99 39. 38 49.78
BART 59. 38 42.30 55.27
ProphetNet 60. 48 45.73 56.41
T5 60.97 44.18 57.63
gpt-3. 5-turbo 146.99 28. 26 39. 83
KX F #* 62.59 49.99 58.55

5 OATIEGRE T B AR EX I

Table 5 Algorithm complexity comparison between our method
and baseline methods

5 Uik it 1] 4 A
1 CNN OCk * 1 % d?)
2 LSTM O *d?)
3 PGN O *d*)
4 Transformer O % d)
5 BART OW? *d)
6 ProphetNet O % d)
7 T5 O % d)
8 KXW % Oz % d)

WP E R Lod N B )2 R AELEBE b R 4 B

PN
6 ARSIy EAEBEST RGN 5By A b B v
1) P A X e

Table 6 Performance comparison between our method and baseline

methods in the generation of different fields of medical reports

7k F R ROUGE-1  ROUGE-2  ROUGE-L
ProphetNet FiF 71.72 62.26 69.79
T5 FF 72.29 59. 35 71.11
B> FF 77.57 67.21 77.51
ProphetNet B R 43.63 29.69 42.46
T5 I E 45.02 28.11 41.16
KX T % BN 52.04 36. 40 50.73
ProphetNet B A & 80.74 73.92 78.22
T5 i By A 2 79.95 71. 85 79.35
KX % A 84.59 77.86 84.59
ProphetNet W1 ¥ 79.25 64.50 71.64
T5 BE A ¢ 78.69 61.38 74.33
B & BE 1 & 82.06 72.45 82.07
ProphetNet B 68. 82 56. 46 67.18
T5 V2] 67.49 58. 71 66.21
B & b W 74.23 63.95 74.23
Prophe-Net 2 45.99 25.52 41.68
T5 # 42,54 25.94 39.12
B & #i 52.07 34.27 49.80
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N T AR SCIT A Rt .
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F I R AL S Adapter B E. T4 Bl ST 89 1 G 4N
%7 BiAl.

7 OHMSEE T
Table 7 Ablation experiment analysis
VRS ROUGE-1 ROUGE-2 ROUGE-L
-4 kR 4 B 62.06 48. 34 58.45
-4 7R 7 B 3 62.26 47.92 58. 44
- Adapter % i 62. 14 47.85 58. 34
R X T % 62.59 49.99 58.55

IR AT LU A U U 5 2 L R Y M R
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