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Construction of Fine-grained Medical Knowledge Graph Based on Deep Learning

WANG Yuhan' ,MA Fuyuan®and WANG Ying®

1 College of Software, Jilin University, Changchun 130012, China

2 College of Artificial Intelligence, Jilin University,Changchun 130012, China

3 Key Laboratory of Symbol Computation and Knowledge Engineering of the Ministry of Education,Jilin University ,Changchun 130012, China
Abstract As a powerful tool for integrating massive medical information, medical knowledge graphs are being widely evaluated
on convenient platforms such as clinical decision support systems and medical question and answer systems. At present. large-
scale medical knowledge graphs are emerging one after another,but most of them focus on the supplement of the number of enti-
ties. Medical terminology is lengthy and difficult to understand. Therefore,building a fine-grained knowledge graph can make the
knowledge graph convenient for the system to a large extent. practicality and provide more crown diagnostic instructions for the
question and answer system. This paper targets the large-scale medical knowledge base crawled by vertical websites, with the goal
of achieving fine-grained medical long texts. BILSTM is used to model complete contextual information for each word from both
directions of the long sentence. At the same time, we introduce the pre-training model BERT to enhance the modeling of word
context semantics and combined with the CRF model learning status. The incremental matrix maintains the consistency of the la-
bel sequence,efficiently identifies entities in long sentences, and builds a fine-grained medical knowledge graph through entity
alignment and attribute filling. Comparative experiments on the fine-grained task of medical entities demonstrate that the BERT+

BiLSTM+ CRF model is better than other models,and the visualization results also illustrate the fine-grained effect of this method.

Keywords Knowledge graph,BiLLSTM,CRF, Fine-grained
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h T AR AR, 51 AMLER S H AR A
A B D AR A] AR A (Hidden Markov Model, HMM) Fil %
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B4 NER R4, 32416 T 256 F 50 i 19 B 5 85 X 2650
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Fig. 2 Recurrent unit structure diagram of LSTM
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Fig. 3 Structure diagram of BILSTM
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Table 1 Evaluation indexes

Precision Recall F1
Amount 0.92 0.91 0.92
Anatomy 0. 87 0. 87 0. 87
Disease 0.94 0.94 0.94
Drug 0.93 0. 90 0.91
Duration 0.83 0.74 0.79
Frequency 0.91 0. 80 0.85
Level 0. 86 0.88 0.87
Method 0. 80 0. 88 0. 84
Operation Reason 0.97 0.94 0.95
SideEff 0. 90 0.75 0.82
Symptom 0.82 0.81 0.81
Test 0.93 0.92 0.93
Test_Val.ue 0. 86 0.84 0. 85
Treatment 0.92 0.90 0.91
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R AR, et 3 ARG A CRF MR # A Fi4e 7+, |
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Table 2 Comparison of evaluation indicators

Precision Recall F1
RNN 0.24 0.37 0.28
LSTM 0. 35 0.48 0.40
BiLSTM 0.63 0.71 0.67
BERT 0.77 0.78 0.77
RNN+ CRF 0.76 0.66 0.71
LSTM+CRF 0.82 0.74 0.78
BiLSTM-+ CRF 0.89 0. 86 0.87
BERT+ CRF 0.83 0.79 0.79
BERT+BiLSTM~+ CRF 0.90 0.89 0.89
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Table 3 Parameters
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Fig. 6 Comparison chart of adjusting epoch
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Fig. 7 Comparison chart of adjusting learning rate
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