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Features BayesError Recall Precision F-measure
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By Features =1 Features =2 Features =16
HEE BARE ARk IR AR BERE ARk HEE BEPE Rk
liver 1344 59.9% liver 1344 29.9%  of 2154 6. 0%
hepatocellular 486 21.7% hepatocellular 1179 26. 3% in 2086 5. 8%
tumor 95 4.2%  carcinoma 581 12.9%  and 2028 5. 7%
of 73 3.3%  tumor 291 6.5%  with 1832 5. 1%
hepatic 61 2.7%  cancer 228 5.1% to 1624 4. 5%
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Z Dt 200 8.9% Dt 660 14.7%  ZoOfth 19770 58. 1%
M2V 55 124 2717
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Abstract

In the healthcare domain, unstructured written medical records such as inpatient discharge summaries
must be dealt with. In order to utilize them effectively, they need to be encoded to facilitate archiving
and later retrieval. However, it is not an easy task to classify and encode them manually. An automated
system, using text classification technology cultivated in the field of machine learning is needed.

In the present study, the author applied the Bayesian Spam Filter to the automatic classification of a
medical text and examined its feasibility. A Bayesian Spam filter breaks down a text into its constituent
words, assesses the degree of their relevance to classification categories from a corpus that has been
developed beforehand, and then classifies the novel text into relevant categories.

For medical texts, the author collected abstracts from PubMed. As Bayesian Spam filters, models
were utilized that were first devised by Graham and improved by Robinson. Some preliminarily experi-
ments were performed to determine the optimal parameters, followed by an examination of classification
performance.

The results show that, the model achieved 96.0% recall and 92.9% precision at the maximum, which

is considered to be acceptable for practical use.
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