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Abstract

Schizophrenia is a mental disorder that has been found more frequently than other mental iliness,
Most patients often relapsed and treated in hospital which increase cost and budget for care-giver
and government. This research aims to develop a model for predicting a period of time before
relapsing by using data-mining technique.

The 2831 data were obtained from the Prasrimahabhodi hospital database, Ubon Ratchathani from
year 2550 to year 2555. The data were divided into two classes. The class 0 refers to the group of
patients readmitted within 28 days of discharge while the class 1 refers to the group of patients
readmitted between 29 and 90 days. The model can assist doctor to plan their treatment by using
applied data-mining technique. After analyzing the data, to problems were found including outlier and
class imbalanced. In order to improve quality of data, the support vector machine technique and
SMOTE were used to filtering and increase the minority class. Then decision trees (C4.5), Naive
Bayes and PART decision list were employed to build the prediction models. Moreover, 10-fold cross
validation ware utilized to split the data into the training and test set. In addition, accuracy, sensitivity
and specificity of prediction models were exploited to examine the performance of the model.
Experimental result demonstrated that PART decision list superior to Decision tree (C4.5) Naive

Bayes with accuracy 92.98%, sensitivity 92.95% and specificity 93.02% respectively.

Keyword: Schizophrenia Readmission, Classification, Imbalanced data
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Figure 1 Research Method
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Table 1 Number of instances in the raw data
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Table 3 Number of instances in the data set.
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Table 4 The attribute list.

No. Attributes Description Data type
1 Gender Gender Nominal
2 Age Age Numeric
3 Marital_Status Marital_status Nominal
4 Occupation Occupation Nominal
5 Province Province Nominal
6 Cause_readmis | Cause_readmis Nominal
7 Diag diagnosis Nominal
8 Edu Education Nominal
9 R Right Nominal
10 Admis_no Day in Admission Nominal
11 Come_no Classes (0,1) Nominal
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Figure 2 The confusion matrix
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