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Classification of sleep respiratory events based
on heart rate variability and machine learning
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Abstract: To provide a method for screening patients with sleep apnea hypopnea syndrome (SAHS) ,
the heart rate variability (HRV) was applied to the classification of sleep respiratory events. The proba-
bilistic neural network (PNN) was proposed to classify the normal and abnormal sleep respiratory events
according to the HRV features to achieve the purpose of preliminary screening of the disease. In this clas-
sification process, the HRV features of ECG were firstly extracted from the polysomnographic monitoring
data related to the normal and abnormal sleep respiratory events, and then normalized as the features.
Then, PNN classification algorithm was used to train and classify the features. The prediction and classi-

fication performance of the model was finally evaluated. The results of the PNN classifier for the accura-
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cy, sensitivity, specificity, area under the receiver operating characteristic curve ( AUC) of the subjects

and time consumption for classification were respectively: 75.97% , 82.51% , 76.22% , 0.7936 and

0.63 s. Compared with generalized regression neural network ( GRNN) and extreme learning machine

(ELM) classification algorithms, PNN classification algorithm is optimal in sensitivity, specificity, AUC

and time-consumptions. In this study, HRV and PNN classification algorithm were used to classify the

presence or absence of abnormal sleep respiratory events, thus providing a low physiological load SAHS

screening method. The study has a certain practical significance for the initial screening of the disease.
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Fig. 1 The flow chart of the classification method of SAHS based on HRV
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Table 1 Demographic and sleep monitoring basic data
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Table 2 Eigenvector of heart rate variability
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Fig.2  The architecture of PNN algorithm
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Table 3  Classification of PNN algorithm

i 41 HIZTTES REUE Pk AUC

Testl 74. 62% 83.66% 72.89% 0.7827
Test2 75.87% 82.04% 76.96% 0.7950
Test3 75.77% 80. 81% 77.59% 0.792 0
Test4 75.57% 82.82% 75.23% 0.790 2
Test5 75.50% 82.70% 75.81% 0.792 6
Test6 76.31% 82.41% 77.09% 0.797 5
Test7 76. 65% 80. 24% 78.71% 0.794 8
Test8 76.62% 82.09% 76. 69% 0.793 9
Test9 76. 45% 84.77% 74.32% 0.795 5
Test10 76.31% 83.51% 76. 89% 0.802 0
SEH4{E 75.97% 82.51% 76.22% 0.793 6
bRUE T £ 0. 63 1.33 1.70 0.005 0

1% 3 o, PNN 8L 0 43 2L T 11 SF- 24
MR A 75.97% , HARET 228 0.63% 5 V3R
T A 82.51% , HARE 20 1.33% 5 V3% 57
FEH 76.22% , HErE 2R 1.70% ; F AUC
0.793 6, HARME 24 0.005 0,

e PNN 73 JE50 36 5 ) 3C [al 19 M 22 K 45
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Table 4  Prediction performance of PNN, GRNN and ELM algorithms

IR iRTIES R e AUC
PAN SEHE 75.97% 82.51% 76.22% 0.793 6
PRy 2 0.63 1.33 1.7 0.005 0
CRNN S 76.13% 81.23% 75.91% 0.785 7
RS 0.67 0.74 0.73 0.005 4
ELM SFHME 77.52% 79.78% 75.88% 0.778 3
bR gy 22 0.48 1.17 0.82 0.005 3
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