1276 EZFF40 2024 £ 11 A& 34 55 11 8 New Medicine, Nov. 2024, Vol.34, No.11

- FEFHR -

HEE St ROMIREES DREEHE  monE
Wa () AEHRUERTTAERE T

EFRlGESHEN BB ERE B8

BESY, EARY, kEH, B O, THE"C, IXR"C, AT, EAH,
ErE, HOURT, #EE

RAAFFHERMGELES EHMEFFS (R 430071)
RNKFIHENFRE (KRR 430072)
RAAFE R F R (KX 430071)

R AFILFFEE (KRR 430072)

[#HE])] By HREEALH TR TG, IF KR A A
(retrieval augmented generation, RAG ) 54 KiGH A, I ZaE 5 AR g il 25 -
O ik i Bt AR BOHCR . ik DL Bt S e e R A B e g B
SR, P E S R B R 5, RO A AR AU HLAE RAG 454 GPT-3.5,
S AT BERT. RoBERTa &Y (131 2k — Sl 7512 A sh Ak s O Dt Jeahe o3 8 . 43 I
B, R AVIGEMIHN I - HORBTBECRE T RAG 456 KRBTk S
IINBEA TR B T 5 — SRR . RoBERTa AERUSUR B T BRET AR, (HK 867k
AHIBCECR A R . RN T, 2N ZREE M B RoBERTa #2 A4l HURE bt i
AL T 4. N MR FLAESY 9 71.06% . 50.18%, 73.65%. #5i8 TllZkiE SRl
FEA SR RARZE A8 A B 7 T B B 7, AR iR AEAS BAREBOSCR A $e s
], Ak TAER I — AL S 2ok ms , DU EdEmtag .

[<8EiR)) B REGE; Tl wETra; BIZE SRR, Rt
s KIS, wRIICsk; B

[FESZES] TP 181; R737.14 [ ZEkFRIRAE] A

e

Research on real-world knowledge mining and knowledge graph completion
(IV): construction of a real-world data annotation platform and exploration
of automatic extraction method based on pre-trained language models

YAN Siyu™, TAN Jiejun®, ZHU Haifeng’, HUANG Qiao', WANG Shichun"®, MA Wenhao'®,
SHI Hanyu*, WANG Yongbo', REN Xiangying', HU Wenbin?, JIN Yinghui'
1. Center for Evidence-Based and Translational Medicine, Zhongnan Hospital of Wuhan University,

Wuhan 430071, China
2. School of Computer Science, Wuhan University, Wuhan 430072, China

DOL: 10.12173/j.issn.1004-5511.202409004
FREE S
HAeME: BXOARFEEAT ETE (82174230) 3 RAAFFHER FER XFALHIESL (ZNQNTC2023006 )
WEEH: WO, B4, 53, WEHRE SR, Email: hwb@whu.edu.cn
EaE, W, BlHd%, MEHFRAESRW, Email: jinyinghui0301@163.com

yxxz.whuznhmedj.com


http://dx.doi.org/10.12173/j.issn.1004-5511.202203023
http://dx.doi.org/10.12173/j.issn.1004-5511.202409004

EZF#HE 2024 £ 11 BE 34 5% 11 #§ New Medicine, Nov. 2024, Vol. 34, No.11

3. The Second Clinical College of Wuhan University, Wuhan 430071, China

4. HongYi Honor College of Wuhan University, Wuhan 430072, China

*Co-first authors: YAN Siyu and TAN Jiejun

Corresponding authors: HU Wenbin, Email: hwb@whu.edu.cn; JIN Yinghui, Email:
Jinyinghui0301@163.com

[ Abstract] Objective To explore the construction of a real-world data annotation
platform, and compare the real-world data extraction performance of retrieval augmented
generation (RAG) combined with large language models and pre-training fine-tuning methods
for pre-trained language models. Methods Taking the pathological records of bladder cancer
in the real world electronic medical record data as an example, a real-world data annotation
platform was built. Based on the platform annotation data, the effects of automatic extraction
of cancer typing and staging of bladder cancer using RAG combined with GPT-3.5, and
the pre-training fine tuning method based on BERT and RoBERTa models were compared.
Results The extraction effects of the pre-training and fine-tuning model based on the fine-
tuning of the full-training set were better than that of RAG combined with large model method
and pre-training and fine-tuning model with the few-shot fine-tuning, and the effects of
RoBERTa model were generally better than that of BERT model, but the extraction effects of
these methods needs to be improved totally. The F1 scores for extracting bladder cancer typing,
T staging, and N staging in the test set, using the RoBERTa model fine-tuned with the entire
training set, were 71.06%, 50.18%, and 73.65% respectively. Conclusion Pre-trained language
models have the application potential in processing clinical unstructured data, but there is still
room for improvement in the information extraction effect of existing methods. Future work

requires further optimization of models or training strategies to accelerate data empowerment.

[Keywords ] Real-world data; Electronic medical records; Annotation platform; Pre-
trained language model; Retrieval augmented generation; Large language model; Pathology

records; Bladder cancer
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Figure 1. Example of extraction interface of the real-world data annotation platform
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Figure 2. Application process of retrieval augmented generation technology for electronic medical
record text mining
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Figure 3. Schematic diagram of the model
structure on typing and staging data using the
traditional pre—training and fine—tuning training

paradigm
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Table 1. Bladder cancer typing and staging extraction results on validation set and test set (%)

ACITE S Ik = L = L o FHFUAE
HER FIfE HER FIfE HER R FIfE
KHIEEE MedRAG@S 27.08 19.10 37.50 32.66 29.17 17.71 23.16
MedRAG@10 27.08 18.88 33.33 28.15 31.25 17.56 21.53
BERT" 45.83 36.88 8.33 8.50 70.83 60.27 3522
RoBERTa" 39.58 27.51 12.50 12.76 68.75 57.10 32.46
MHiKEE  MedRAG@5 32.69 23.50 40.38 33.78 28.85 15.18 24.15
MedRAG@10 32.69 23.35 44.23 37.04 26.92 14.32 24.90
BERT" 32.69 24.22 15.38 12.46 65.38 53.65 30.11
RoBERTa" 36.54 25.44 17.31 15.90 65.38 53.90 31.75

E: MER DA ; MedRAG@5. A FRAGH K, BATSAAEAAE A AF HGPT-3 53R ; MedRAG@10. A FRAGH K, BAT104M4E A
VE A A HFE W GPT 35348 ; BERT. sk A & # R 695 4545 % & 7 (bidirectional encoder representations from transformers ) ; RoBERTa. —#F
2238 LR AR BER T 45 7 % (a robustly optimized BERT pretraining approach )
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Table 2. Results of pre—training and fine—tuning method based on fine—tuning of full training set (%)

— ik Sagit} T N4 —
TR F1{H R F1{H4 HER % FUH

BiF4E  BERT 87.50 86.31 77.08 75.90 87.50 85.20 82.47

RoBERTa 91.67 90.74 83.33 80.86 87.50 85.36 85.65

W4 BERT 67.31 66.08 50.00 47.13 80.76 78.81 64.01

RoBERTa 73.08 71.06 53.85 50.18 75.00 73.65 64.96

VE: BERT. sk A & B 6 & 48 % %7 (bidirectional encoder representations from transformers ) ;

Jr % (a robustly optimized BERT pretraining approach )
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