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Application of back-propagation network in algorithm for monitoring depth of anesthesia
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Abstract: Anesthesia is an essential part of clinical operation, but the inappropriate depth of anesthesia (overdose or
underdose) may cause harms to patients. Therefore, monitoring the depth of anesthesia has a high clinical value. Currently,
electroencephalogram is the most potential method to detect the depth of anesthesia. After obtaining the pure
electroencephalogram signal by filtering and other processing methods, the time-domain and frequency-domain
characteristics are analyzed, and the corresponding parameters are calculated. Then the parameters are used as the input
parameters of feedforward neural network, and a dimensionless constant which can evaluate the depth of anesthesia is
obtained by back-propagation (BP) neural network fitting. The accuracy of using BP neural network fitting results to
characterize the depth of anesthesia is generally more than 90%, which reflects that BP neural network has a high value in
monitoring the depth of anesthesia.
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Fig.1 Electroencephalogram (EEG) signal processing
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Tab.1 Effects of the number of hidden layer nodes on

network generalization ability

BREZE MARL BER2 B3 HEAR4 RS
3 0.97 0.87 0.95 0.73 0.59
5 0.97 0.87 0.94 0.73 0.58
7 0.97  0.88 0.95 0.73 0.60
9 0.97 0.87 0.95 0.73 0.60
11 0.97 0.87 0.95 0.73 0.60
13 0.97 0.87 0.94 0.72 0.58
15 0.97 0.87 0.96 0.73 0.59
20 0.97 0.87 0.96 0.73 0.59
25 0.97 0.88 0.95 0.74 0.62
30 0.94 088 0.95 074  0.60
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Tab.2 Effects of excitation function on function generalization ability

) PRI FEARL  BEAR2 BEAR3 O HEAR4 O HEAS
LOGSIG 0.97 0.89 0.97 0.75 0.89
TANSIG 0.94 0.76 0.95 0.71 0.86
PURELINE 0.97 0.87 0.95 0.73 0.87
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Tab.3 Effects of training functions on the correlation

coefficient of the fitted values

PREL HAT  REA2 REAR3 HEAR4 HEAS
trainscg 0.97 0.86 0.97 0.75 0.89
trainoss 0.97 0.89 0.97 0.72 0.85
trainlm 0.97 0.91 0.98 0.75 0.91
traingdx 0.97 0.89 0.97 0.75 0.89

traingdm -0.58 -0.78 -0.92 -0.58 -0.73

traingda 0.97 0.89 0.94 0.75 0.88
traingd -0.97 -0.83 -0.74 -0.67 -0.63
traincgp 0.97 0.88 0.98 0.73 0.90
traincgf 0.97 0.91 0.98 0.75 0.91
traincgb 0.97 0.90 0.95 0.71 0.90
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