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Abstract To address the problem of existing methods focusing too much on global information while neglecting a small amount
of evidence clues and local mention interactions when mining the interaction between chemicals and diseases,a mention level docu-
ment-level relation extraction method based on evidence focusing(EF-MUnet) is proposed. This method first models mention fea-
tures based on context aware strategies and captures local interactions between adjacent mentions using two-dimensional convolu-
tion network. Secondly, to avoid irrelevant context interference, two evidence focusing strategies ATT-EF and RL-EF are pro-
posed. The former uses similarity as a measure of evidence clues, while the latter uses reinforcement learning to unsupervised
learn the optimal evidence extraction policy with the help of delayed feedback. Finally, U-net networks are used to capture global
features at the entity level and fully explore semantic relationships. Experimental results show that compared with existing me-
thods, EF-MUnet’s F1 score improves by 9. 7% on the biomedical dataset CDR,and it has more advantages in extracting inter-
sentence relations. In addition, EF-MUnet achieves the highest accuracy of 98. 6% on the dataset DMI for extracting interactions

between drug and mutation, proving that it is an effective biomedical relation extraction method with good generalization ability.
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Table 1  Statistics of sentences’ number involved in document,

evidence,and entity pair,respectively

BEE @ Doc @ Evi @ Entity pair
CDR 9.4 2.5" 5.5
GDA 10. 2 4.1 % 6.1

DocRED 7.9 1.6 2.6
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Table 2 Example of chemical-induced diseases from CDR dataset

[S1]A case of massive rhabdomyolysis following molindone ad-
ministration

[S2]Rhabdomyolysis is a potentially lethal syndrome that psy-
chiatric patients seem predisposed to develop

[S3] The clinical signs and symptoms., typical laboratory fea-

X tures,and complications of rhabdomyolysis are presented

[S4]The case of a schizophrenic patient is reported to illustrate
massive rhabdomyolysis and subsequent acute renal fai-
lure following molindone administration

[S5]Physicians who prescribe molindone should be aware of

this reaction
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(Molindone,
CID 1.4
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Acute renal failure)
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[1] Hypotension-following the initiation of
tizanidino—i-a—e:rpatient treated with an
angiotensin converting enzyme inhibitor
for chropte-hypertension.

[6] The|possible interaction of tizanidine
and othffr antihypertensive agents should
mind when prescribing therapy
ypertension or spasticity in
such patients.
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Fig. 2 Evidence focusing algorithm based on improved

self-attention mechanism(ATT-EF)
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Fig. 3 Evidence focusing algorithm based on reinforcement

learning(RL-EF)
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Table 3 Proportion of entities involved in relationship instances

mentioned more than 1 times in the original and evidence documents
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Fig. 4 Comparison between mention-level and entity-level modeling
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Table 4 Example of CDR dataset
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Table 6 Performance comparison of different methods on

CDR dataset
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[S1] @Chemical Triazolam-induced brief episodes of secondary (2 Discase mania in a depressed patient.
[S2] Large doses of @Chemical triazolam repeatedly induced brief episodes of (2 Discase mania in a depressed elderly woman.
[S3] Features of organic mental disorder (delirium) were not present.
[S4] Manic excitement was coincident with the duration of action of @ Chemical triazolam.
[S5] The possible contribution of the @Chemical triazolo group to changes in affective status is discussed.
Relation: rriazolam- -
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Fig. 6 Evidence focusing analysis under different strategies
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Table 7 Performance comparison of EF-MUnet(ATT-EF/RL-EF)

after ablation of different modules
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Table 8 Performance comparison of different methods on

DMI dataset
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