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Selecting Machine Learning Model Based on Natural
Language Processing for Shanghanlun Diagnostic
System Classification

Young-Nam Kim’
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Science, Yonsei University

Objective : The purpose of this study is to explore the most suitable machine learning model
algorithm for Shanghanlun diagnostic system classification using natural language
processing (NLP).

Methods : A total of 201 data items were collected from [Shanghaniun; and TClinical
Shanghanluny , ‘Taeyangbyeong-gyeolhyung’ and ‘Eumyangyeokchahunobokbyeong’ were
excluded to prevent oversampling or undersampling. Data were pretreated using a twitter
Korean tokenizer and trained by logistic regression, ridge regression, lasso regression, naive
bayes classifier, decision tree, and random forest algorithms. The accuracy of the models
were compared.

Results : As a result of machine learning, ridge regression and naive Bayes classifier showed
an accuracy of 0.843, logistic regression and random forest showed an accuracy of 0.804,
and decision tree showed an accuracy of 0.745, while lasso regression showed an accuracy of
0.608.

Conclusions : Ridge regression and naive Bayes classifier are suitable NLP machine learning
models for the Shanghanlun diagnostic system classification.
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Figure 1. Naive bayes Classifier Expression (Each of ‘x1,...,xn’ means featu

p(Crlz1, ... 2n) X p(Cry @1, .. ., 2Ty)
o p(Cy) p(z1|Ck) p(z2|Ck) p(x3|Cy) - -

x p(Cy) [ [ plai 1)
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Table 2. Pretreated Data by Twitter Korean Tokenizer

N u Clas
Pretreated Data
m s

'o]/Noun!, '$FA}/Noun', '+=/Josa', '20%d/Number', 'Z/Noun', '"m}5/Noun', 'ol|X/Josa’, "B At}
/Verb', <) d/Noun', 'S/Josa, 'Y}/ Verb', "E1/Noun', '7HJosa', '5-2 2| tl/Verb', '&=/Noun', &
/Josa', "THX| T}/ Verb', './Punctuation’, ' 1/Noun', '%/Noun', '7&/Noun', '¢|/Josa', 'A] 2}/Noun', '*| T}
/Verb', 'SFH/Noun', 'F-/Noun', $-5/Noun', '©.2/Josa', 'Z/Noun', 'Z/Josa', 'AL=}/ Verb', '3t
'"SF/Noun', '°)/Josa’, "IHA/Noun', 'dlth/Verb', 'AZ/Noun', 'S}t/ Verb',
' /Punctuation', '~/Noun', '©]%-/Noun', '°l| ==/Josa', '5*}/Noun', '©]/Josa', ' A|</Noun', ' t}/Verb',
'12%3/Number', ' A/Noun', "H-J/Noun', "9l 4/Josa', 'A]</Noun', '2/Josa', "%}/ Verb', '5d/Noun', '
2/Josa', 'A|Z/Noun', "= 01T}/ Verb', './Punctuation’, 'S= At/ Verb', "HF5/Noun', '©]/Josa’, '&H
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/Noun', '0|t}/Verb, '/Punctuation', '23}%/Noun', '"AFCHVerb', 'SHNoun', '%ThHVerb',
' /Punctuation’, '3 3/Noun', '&7/Josa', '=H|/Noun', '3}t/ Verb', “&%/Noun', ' A %/Josa’, &~
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Table 3. Accuracy of Algorithms Using All
POS

Algorithm Accuracy
Logistic regression 0.804
Ridge regression 0.824
Lasso regression 0.510
Naive bayes 0.843
Decision tree 0.725
Random forest 0.804
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Table 4. Accuracy of Algorithms Using
‘Noun’, ‘Verb’, ‘Adjective’
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Logistic regression 0.804

Ridge regression 0.843

Lasso regression 0.608

Naive bayes 0.843

Decision tree 0.745
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