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Abstract: Objective To propose an algorithm capable of effectively extracting causal relationships to improve the
accuracy of medical text processing. Methods The study proposed a bidirectional encoder representations from Trans-
formers ( BERT )-causal graph attention networks ( CGAT) algorithm based on BERT and graph attention network.
First, a causal relationship graph was constructed, and the BERT model was fine-tuned on medical texts to obtain opti-
mized entity embeddings. Subsequently, a knowledge fusion channel integrated textual encoding information with causal
structures, which were then fed into the graph attention network. A multi-head attention mechanism was employed to
process information from different subspaces in parallel, enhancing the ability to capture complex semantic relationships.
Finally, a dual-channel decoding layer was adopted to simultaneously extract entities and their causal relationships.
Results Experiments on the self-built diabetes causal entity dataset showed that the model employing the BERT-CGAT
algorithm had an improvement of 0.65% and 16.73% in precision rate (99.74% ) and recall rate (81.04% ) compared
with the traditional BILSTM-CRF baseline, and the F1 value were 80.83%. Conclusion The BERT-CGAT algorithm
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effectively enhances the accuracy of causal relationship extraction from medical texts by combining BERT’s semantic

feature extraction capability with the relational modeling advantages of graph neural networks, thereby validating the ef-

ficacy of the proposed method.
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Entity relationship extraction diagram

PRI A G, B 5 456 GAT 22 SUAR R SR 251
PASR g PR SR OC 2R Al BB o f 1, AR ) EL A
[J—]LAIEI 20

— SR
B-C
[-C
B
SRR A I-E
2= & %_E
iﬁ, -
[T 1R
o I-E
— A I-E
O
| O
(6]
O
O
(6]
— O

-

KHRZE)

€12 BERT-CGAT 4545 [
Figure 2 BERT-CGAT network architecture diagram
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Figure 3 Overview of causal diagram modeling
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Figure 4 Schematic diagram of node parameter update
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