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ABSTRACT

Biomedical signals using skin resistance have different characteristics according to stress diseases. Biological diagnostic devices for diagnosing stress
diseases have been developed by using these characteristics, and devices have been developed so that the signals measured by the skin storage meter can
be easily analyzed. Experts in the field will look directly at the output signal to determine the likelihood of any stress disorder. However, it is very difficult
for a person to accurately determine whether a person to be measured has a stress disorder by analyzing a bio-signal measured by each person to be
measured, and the result of the judgment is very likely to be wrong.

In order to solve these problems, we implemented the function of determining the signal of a stress disorder by using the machine learning technique.
SVM was used as a classification method in consideration of low computing ability of measurement equipment. Training data and test data were randomly
generated for each disease using error range 5 based on 13 diseases. Simulation results showed more than 90% decision accuracy. In the future, if the
measurement equipment is actually applied to the patients, we can retrain the classifier with the newly generated data.
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classification
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Fig. 1 SVM maximum margin classification
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CREATE TABLE bio_data {
record_id number,
machine_id varchar(10),
patient_id varchar(10),
body_partl varchar(255), // 739 A4 A&E A%

body_part7 varchar(255),
measured_date date,

measured_class number, // &7 W&
primary key(record_id)
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Fig. 2 Transformed biomedical signals
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+0.1525358 2:-0.108301 3:-0.109301 4:-0,00793486 5:-0.8
+0.0996234 2:-0.13095% 3:-0.130959 4:0.00844238 5:-0.8
+0.0210633 2:-0.18191 3:-0.168131 4:-0.0384627 3:-0.806
©0.0838621 2:-0.191494 3:-0.197434 4:-0.0220254 5:-0.8
0.121035 2:-0.235034 3:-0.255034 4:0.0418517 5:-0.807
+0.0687007 2:-0.252387 3:-0.252387 4:-0.0524833 5:-0.8
+0.013166 2:-0.2503 3:-0.2503 4:-0.036036 3:-0.808387

0168072 2:-0,313641 3:-0.313641 4:-0,0829811 5:-0.80
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Fig. 3 Format of libsvm input data
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SVMProblem TrainingSet;
TrainingSet =
SVMProblemHelper.Load(fullpathName);
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parameter. Type = SVMType.C_SVC;
parameter.Kernel = SVMKernel Type RBF;
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parameter.C = Convert. ToInt32(textBox5. Text);

parameter.Gamma =
Convert. ToDouble(textBox6. Text);
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TrainingSet.CrossValidation(parameter, nFold, out
crossValidationResult);
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model = TrainingSet. Train(parameter);
SVM.SaveModel(model, FileName);
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Table 1. Confusion matrix in test result
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17 483
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13 4 49%
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real_model = SVM.LoadModel(file_name);

problem = problem.Normalize(SVMNormType.L2);
/) TAY} & gcaling HFEEA] Qo
result = SVM .Predict(real_model,

problem.X[0]). ToString();
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Update classification module
after creating new one.

Periodically send new data
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Fig. 5 Periodically upgraing devices after creating
new classification module
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