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Development of Automatic Prediction System for Optimal MRI
Examination Protocol Using Encoder-Decoder Model
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The purpose of our study was to predict the optimal brain MRI protocols using encoder-decoder model. We
collected 17,585 request forms, in Japanese language, for contrast-enhanced (CE) and non-CE MRI of the brain
from Hokkaido University Hospital (from Jan 2010 to Dec 2017). These data included descriptions regarding the
purpose of MRI, summary of clinical findings and treatment progresses, and the MRI sequence protocols ordered by
radiologists. We then created bi-gram tokens in the description. Next, we applied the encoder-decoder model to
predict the optimal CE and non-CE MRI protocols. The learning parameters were as follows: iteration, 50;
embedding, 100 dimensions. We performed 10-fold cross validation using each of the ten ordered versions of our
dataset. We used 'match,’ ‘overpredict,’ ‘underpredict,’ 'partial match," 'mismatch' as the performance index. For CE
MRI, the results of 'match," ‘overpredict,’ 'underpredict,’ 'partial match' and ‘mismatch’ were 13.0%, 39.3%, 2.3%,
41.4% and 4.0%, respectively. The results for non-CE MRI were 4.4%, 50.0%, 1.8%, 42.6% and 1.4%, respectively.
The prediction accuracy of MRI protocols, which were used routinely or frequently, tended to be higher. On the
other hand, the accuracy of infrequent protocols was low. The percentage of successfully predicted protocols, which
included 'match’ and 'overpredict’, was 52.3% for CE MRI and 54.4% for non-CE MRI.

Keywords: Encoder-Decoder Model, Brain MRI Examination, Natural Language Processing
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