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Abstract 

  Cancer has a lifetime affecting one out of two Japanese people, one in 

three people dying of it due to it. Overcoming this cancer is a national subject, 

and establishment of a treatment method as soon as possible is desired. The 

difficulty of treating cancer due to diversity of cancer, even if the cancer types 

are the same, but depending on individual patients. The present cancer 

therapy is undergoing a wide variety of tests such as blood tests and CT, but 

they have examined only one aspect of cancer. Unfortunately, there is no 

effective test. Therefore, multi-dimensional data produced by use of various 

tests is used to represent the medical conditions of a patient and using the 

data, personalized medicine is conducted.  

  Personalized medicine is medical treatment that selects the optimal 

treatment method for each patient based on the genetic information of the 

patient and the state of the current disease. In personalized medicine, if a 

patient is diagnosed as having a disease, it is possible to select a treatment 

with a therapeutic effect expected for each patient and few side effects. In 

addition, by preventing medication that is expected to have a low therapeutic 

effect, there is an advantage that it also leads to suppressing the physical 

and financial burden of the patient. In order to cope with the diversity of 

cancer, it is considered that "personalized medicine", which is the optimal 

medical care for each patient, is more suitable than "conventional medicine" 

which treats patients with the same symptoms equally. 

  Research on personalized medicine can be roughly divided into the score 



formula approach established by a medical doctor and machine learning 

approach. In the score formula approach, a score value is produced according 

to the relationship between the measurement value from the marker and the 

cutoff value set for the marker, and the state of the patient is stratified by 

the sum of the score values. However, since the score formula approach is 

constructed based on the experience and intuition of a medical doctor, there 

is no theoretical basis for the marker used, and the optimality of the score 

formula approach is also unclear. 

  Meanwhile, machine learning approach makes it possible to diagnose 

leukemia using the expression level of genes based on gene analysis which is 

the result of molecular life science of the 20th century. This triggered the 

development of cancer research in full scale using expression data by 

microarray analysis. Diagnosis by machine learning has attracted attention, 

because the data amount of genetic related data is huge from tens of 

thousands to hundreds of thousands. However, this machine learning 

approach also has a serious problem that the data used is limited to 

quantitative data (numerical data). Though both quantitative data and 

qualitative data in medical data are essential for personalized medicine of 

cancer, qualitative data can not be handled by machine learning. Like 

machine learning, the Bayes classifier in statistical pattern recognition can 

not be also applied to qualitative data. 

  In this paper, "discrete Bayes decision rule" is proposed. The advantage of 

the proposed method is that it can deal with qualitative data. The Bayes 

approach that quantifies the uncertainty of each marker and minimizes 



statistically errors due to the uncertainly is adopted. Furthermore, 

quantitative data are transformed to qualitative data by binarizing of setting 

an optimal cutoff value, and the proposed method can handle both 

qualitative data and quantitative data. 

  The purpose of the paper is to realize personalized medicine by the discrete 

Bayes decision rule which overcomes the problem of conventional machine 

learning approach for personalized medicine. 

  In Chapter 1, the necessity of personalized medicine and the problem of 

conventional personalized medicine are pointed out. Next, the purpose and 

composition of this thesis are described. 

  In Chapter 2, statistical pattern recognition is outlined and the 

personalized medical problem as one of statistical pattern recognition 

problems is formulated. After that, a novel discrete Bayes decision rule is 

proposed and the evaluation methods are described. 

  In Chapter 3, the discrete Bayes decision rule is applied to the problem of 

predicting early recurrence in liver cancer, the problem of predicting lymph 

node metastasis in early gastric cancer, the problem of predicting the 

effectiveness of combination of anticancer drug and immunotherapy in colon 

cancer, the problem of prescribing Kampo medicine, and the usefulness of the 

proposed method for each medical problem is discussed. 

  In Chapter 4, this paper is summarized. Based on the summary, 

conclusions and the future prospects of the proposed method are described. 
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