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Abstract; In order to help radiologists report the CT image results more accurately and effectively
to the clinicians, an improved GRU deep learning framework LS-GRU was proposed to solve the
classification of image report text, which can be automatically fed back to clinicians according to
radiologists’ descriptions. The data was collected from more than 1 168 cases of respiratory
imaging reports. Two diseases ( emphysema and pneumonia ) with similar descriptions of
radiologists were classified. About 652 cases of emphysema and 516 cases of pneumonia were
reported. The GRU, BiGRU and LSTM models were validated, respectively. The results show
that the LS-GRU model is more accurate and robust.
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Fig.2 LSTM network structure model
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Fig.4 LS-GRU network structure model
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Fig.5 Self-attention structure diagram
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Table 2 Super parameter setting

S fH
Word_embedding_dim 30
Learning_rate 0. 001
Dropout 0.5
Bath_size 50
Hidden_size 10
Adam_gamma 0.2
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Table 3 Flow chart of the algorithm
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for i =1:Epoch
for j =1:iters
x = getBathsize ( X) ; SRH— R Y ZR 5L P
y,p * =model (x) ; 7T AT AR 2 A B
if p* > P then
save model
endif
end for
end for
return model
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Table 4 Models comparison
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