£13% F128H g2 g it E M 5§ E A 2023412 A
Vol.13  No.12 Intelligent Computer and Applications Dec. 2023

XEHS: 2095-2163(2023) 12-0149-06 HhESES: TP391 MRS A

E T U255 I W AkIE(E S B E i m/E

wkik, SEF
(1 EREEREXF ERFILRHTERIEE, LR 100101;
2 LREERERKE IRNERAYLEMEALRE, 1L 100192)

O MR AN O ML B I T RER E A G GRS N R 2 — AR E 55 50l R O Y TR AT
SEPIO B, DR TR T P EERKISERAEWIG D5k (A 5 e kA 55 R B s, o0 Ak [ 2 B A
UL RE T, SR B R YT [RII AT LAGE v B2 ik 12 % WAL R A A e o AR SO T B N T3 RE Rl 2 U ) 2 i | i
T 22 FHIL 2 > BRI DK 5 P T, AR T v B2 IR A S 1, AT i 2 o B2 a2 O B A g, Se s W, 220
X EEANTRIAIL A 27 2T B () 45 R S HRSF- 24 246 X6 158 2 T 1K 1] 0.087 , B iE 17 kAL 27 21 1 75 125 v LA i b = kg i & WAL, HL
Hh B K2 T LR ) SO AR i

KR MR PEKS; Plaved; 20k

Machine learning based pulse signal to assist TCM practitioners in
predicting blood pressure
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Abstract: Hypertension is one of the major risk factors associated with cerebrovascular accidents, cardiovascular disease and renal
impairment. Its symptoms and warning signs are usually vague, which often leads to the disease being overlooked and is known as
the " silent killer" . Chinese pulse diagnosis is a clear and simple method to predict blood pressure by pulse signals, which allows the
general public to have a clear understanding of their health condition and early detection and treatment, and at the same time
promotes the objectification and scientific development of Chinese pulse diagnosis. In this paper, based on the development in the
field of modern artificial intelligence science, blood pressure is predicted by using pulse signals through various machine learning
models in order to improve the accuracy of TCM diagnosis, thus promoting the modernization of TCM pulse diagnosis. The
experiments show that after comparing the results of different machine learning models, the average absolute error of the models can
reach 0.087, which verifies that the machine learning—based approach can promote the objectivity of TCM pulse diagnosis and that
TCM pulse diagnosis can accurately predict human blood pressure.
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Fig. 1 Pulse wave generation diagram
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Fig. 2 Normalized PPG plot
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Fig. 3 Basic structure of Artificial Neural Network
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Fig. 4 The training process of ANN model
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Fig. 6 Partial training process of LSTM model
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Table 1 Evaluation metric

PEARTERR  ANN B LSTM B LRk [l AR e o A5

MAE 0.087 0.114 0.917 16.411
RMSE 0.121 0.153 0.124 22.001
MAPE 0.089 0.116 0.919 16.556
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Fig. 7 Comparison of loss and root mean square error of ANN
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Fig. 8 Comparison of BP predicted values and BP true values
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