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Design of a Pattern Classifier for Pain Awareness

using Electrocardiogram

Hyunjun LimT, Sun Kook Yoo

ABSTRACT

Although several methods have been used to assess the pain levels, few practical methods for
classifying presence or absence of the pain using pattern classifiers have been suggested. The aim of
this study is to design an pattern classifier that classifies the presence or absence of the pain using
electrocardiogram (ECG). We measured the ECG signal from 10 subjects with the painless state and
the pain state(Induced by mechanical stimulation). The 10 features of heart rate variability (HRV) were
extracted from ECG - MeanRRI, SDNN, rMSSD, NN50, pNN50 in the time domain; VLF, LF, HF, Total
Power, LF/HF in the frequency domain; and we used the features as input vector of the pattern classifier’s

artificial neural network (ANN) / support vector machine (SVM) for classifying the presence or absence
of the pain. The study results showed that the classifiers using ANN / SVM could classify the presence
or absence of the pain with accuracies of 81.58% / 81.84%. The proposed classifiers can be applied to

the objective assessment of pain level.
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Fig. 1. The proposed back—propagation neural network,
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Table 1. Typical SVM kernel functions

Type Expression

Linear Function Ty

Polynomial Function (zy+1)?

Radial Basis Function

exp(—ylz—yll?)

z : Training vector, y @ Support vector,
d ' Degree, v : Gamma
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Fig. 4. ECG signal and heart rate variability.
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Table 2, Features of heart rate variability for classification of presence or absence of pain

Feature Description
MeanRRI Mean of all RR intervals
SDNN Standard deviation of all RR intervals
S f diff
Time RMSSD Thg square rgot of the mean of the sum of the squares of differences between
X adjacent RR intervals
Domain
NN50 Number of pairs of adjacent RR intervals differing by more than 50ms in the
entire recording
pNN50 NN50 count divided by the total number of all RR intervals
VLF Power in very low frequency range
LF Power in low frequency range
Frequerllcy HF Power in high frequency range
Domain
Total power Variance of all RR intervals
LF/HF Ratio LF / HF
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Table 3. NRS results for the subjects

Subject NRS resu.lts : :
Relaxed Pain induction
1 0 8
2 0 8
3 0 8
4 0 10
5 0 7
6 0 8
7 0 8
8 0 7
9 0 9
10 0 8
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Table 4, Statistical analysis results by extracted features
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Features Relaxed [Mean = STD] Pain induction [Mean + STD] p-value
MeanRRI 1.01 £ 0.15 0.84 £ 0.09 <0.0001
SDNN 0.13 £ 0.05 0.08 £ 0.05 <0.0001
rMSSD 0.08 + 0.03 0.04 £ 0.02 <0.0001
NN50 1461 + 18.08 155 £ 2.87 <0.0001
PNN50 4.87 + 6.03 052 + 0.96 <0.0001
VLF 2864 = 24.19 1798 + 33.37 <0.0001
LF 21.85 £ 14.88 749 £ 6.76 <0.0001
HF 24.89 + 18.06 514 £ 536 <0.0001
Total Power 7539 + 45.07 30.61 + 40.07 <0.0001
LF/HF 1.05 £ 0.78 3.22 + 4.30 <0.0001
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Table 5. The classification results according to the
number of hidden neurons
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Table 7. The classification results according to the fea—
ture combinations when using ANN

Feature Combinations Accuracy (%)
HRV Time domain features 71.05
HRV Frequency domain features 81.58
HRV Time domain features
. 81.32
+ Frequency domain features
HRV selected features 81.05

9 1079 EAS 1A A g
2 Linear Function< ©] &3l C3< 0.1-10002.2
WA A5 vl st At Table 8 23}, Linear
Function A4 ol A Cgtol 19 of 7H =& A
g=E BT

Table 9+ Polynomial FunctionS ©]-&3}e] Cgt

Number of Hidden Neurons Accuracy(%) I dzke AAN Y A vwd Aot 1A
4 79.21
6 75.26 Table 8. The classification results according to the pen—
8 81.32 alty(C) when using SVM (Linear Function)
10 76.58 C Accuracy(%)
12 7342 0.1 80.79
14 71.37 1 81.58
16 79.21 10 7763
50 76.58
Table 6. The classification results according to the 100 75.79
number of hidden neurons 500 75.00
Features Accuracy (%) 1000 74.74
MeanRRI 67.11
SDNN 70.00 Table 9, The classification results according to the pen—
™MSSD 81.58 alty(C) and degree(d) when using SVM (Poly—
NN50 74.47 nomial Function)
pNN50 7447 C d Accuracy(%)
VLF 66.32 2 70.79
LF 73.95 3 74.21
HF 81.58 0.1 4 69.21
Total Power 76.84 5 68.16
LF/HF 60.79 6 76.32
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Table 10 Radial Basis Function (RBF)< ©] &
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Table 10. The classification results according to the
penalty(C) and gamma(y) when using SVM

(RBF)
C v Accuracy(%)
0.001 81.84
0.005 71.58
0.01 74.21
100 0.05 69.21
0.1 66.32
05 66.84
1 73.68

Table 11, The classification results according to the fea—
ture combinations when using SVM (RBF)

Features Combinations Accuracy (%)

HRV Time domain features 79.21
HRV Frequency domain features 81.84
HRV Time domain features
. 81.84
+ Frequency domain features
HRV selected features 80.00

Table 12, Comparison of the classification results of
Pain classifiers

T } Accuracy
Classifiers Features (%)
ANN HRV Frequency 8158
(20 Hidden neurons) | domain features '
SVM (RBF) HRV Frequency | =g, o
domain features
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