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Abstract

According to studies at home and abroad, hypertension is an important disease endangering
people’s life and health. How to give early warning of high blood pressure has become a hot issue.
To solve this problem, a short-term blood pressure prediction method based on long short-term
memory (LSTM)-convolutional neural network (CNN) and attention mechanism is proposed. This
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method can reduce the loss of historical information and achieve short-term blood pressure pre-
diction. This prediction method is compared with single LSTM model, CNN model and LSTM-CNN
combination model. Root mean square error (RMSE), mean absolute error (MAE) and mean abso-
lute percentage error (MAPE) are used to evaluate this prediction method. As a result, our method
has the smallest error and the highest prediction accuracy, which verifies the effectiveness and
scalability of our model.
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Figure 1. Internal structure of LSTM
1. LSTM PFIER&EHE

f,=0(Wx,+Uh_ +b,) 1)
i, =c(W,+Uh_ +b) 2
C, =tanh(W.x, +U,h_ +b,) A3)
C =fxC_ +ixC 4)
O,=c(W,x,+U,h_ +b,) %)
h, =0, x tanh(C, ) (6)

Horpx, & LSTM GRS S, A & LSTM Hociifhims, w, UM b R EEMEARE RS, o
% Sigmoid 0% B, tanh JEXUIIR RS, 6182 i FRFHINTT, O RERMITT, [ARFRET, C
REICIZITo TR T, THEARAT IR R, B Sigmoid s E AT K%L, sigmoid BREUN[0,1]
Z VAR . R AN 1, WISAAR AR AOE, (R 0, WM SE 4 EFEFNAIE . X F1E121 T tanh
PR T 2 /08HE B NZ R BTEAIRAS . e, B2 aittEm i B, C E58E T E .
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HICIREMES tanh O3 BIVEHET 3R, TP RIRIME A, Ref 45 RAGE BE R AIHURI[10],
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eXp(ev)
i ft i)l T <= 7 \ (®)
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Z A T E, b RelizE. HE RS R)E, SEEEEIETEE RS X S R E R E 5 RS
BT, DU eXt N B Wl sr A B . WO R R
#;=g(y,)=max(0.y)) (n
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3. MEFEENIFEIA LSTM-CNN =8
3.1. SEIEHHEIEEL

S F ] PhysioNet [{I2H 543 PhysioBank [18] 5] MIMIC [19]%5¥8 & b 223 1 4= 45 541 9 T
RATAE 78 ) SRS A, SEIRXT RN 408 Smif KB #E 1995 453 H 5 H 05:19:47 #% 1995 423 A 5 H
17:19:46 P15 SHE (L 42188 %5 , Hl AHE-F 28Ik L& [ (ABPMean). Y45k (ABPsys). %7
ik (ABPdias). 0>#(HR). BKIH(PULSE). FFIRAE 5 (RESP)ZEH 7{5 544, ABPMean iI 5 A 0F:
ABPsys + 2 x ABPdias

3

ABPMean =

(13)

3.2. WiETMALE

I PR RS B 2 2 R R s, InpLas il . LB . B RS Te . fFEMAE. RK
S, T EAEAE AT ATANER . ST AR MR EVA BEAT SRR HE AR B s LA [R5 A e O B 4
ZEFEIR, BT B BR AT AR AL AL B

y:%Z% (14)

a:.%zg%-y) (15)
_NTH

S(x)==— (16)

Forb oy, For BN BIN IR0 o 3R o Brkrbii: S(x) Forteius .

B FUCIRLE R, THARIERIR ISR, TSR IR D KR E N e . HRT TR
axlo ROVESRHRET a=5, SUHREMIABIRER 5 M S BFE 0K o, A7
A5 33 RS (5,8 () S (0 ) o HETTRUKEE, HIBLHIRILHEA S (x, ) b i 3.

o3t LR A FUAL G, 00 A R 4 15 LR T SR E N T WA SE B 52 2 M o B
ST AT T B AR RO 12 AN R — B AR, 31— 5 F B AR R
Ko HEEAAAL, WG ACN G B2 4 R ST VAL, R 5 T AT oM B o 410
D E R, SRR AERE 30 AR 60 I MURTAL T 0 G MR AT AL B
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Figure 2. Data preprocessing
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Figure 3. Flow chart of LSTM-CNN model integrating attention mechanism
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4.1. SCIETFfIEHR

FEAS BN P EE R, FATESE T =D ERETRAR: EITHURZRMSE). PRI R Z(MAE)IF
B 208 1 73 LR ZE(MAPE) SR IP Al BATTH AR A T BE 71 RMSE S& 45 735 AR UK TR R 72 1) A F 4
BEFRPR. WA MAPE & SRt R (K S pr (LA NS R FUME < IR 22 . MAE 2 I Ge it R A
TR, HEAXT:

(17)
(18)

19

K PO NIRRTy, REE | MR SEBRE s N MR
4.2. SCIGIREE

filfif: 3445 Intel(R) Core(TM) i5-9300H CPU @ 2.40GHz, W77 8GDDR3, fii# K 512G; #AF3F1E.
BE RGN 64 i Windows10, 4mFEis 5 A python3.7.0, SERTIF K IR K anaconda3.

4.3. SEIRLER*IEE

LSTM-CNN: ZBA Y4 LSTM 2852 CNN ZEA ik, HAB T R|ATN %, Rasa T
EIIHLH]

7 1 R T AT LSTM-Attention-CNN AR FIABRERL I PERE, FRATHEAT T LSS, IIZRZ5K 80%,
BABEZESH a=5, p=1, y=64 EAFATHI LSTM-Attention-CNN IR E , XFAELHSZIGTRATTH 4 MEALF 3
AN IEBEFEFRHEAT VR, 93% RMSE. MAE. MAPE. M % 1| ATLAE Y, 7EIAIRE 60 FPAIIZREAT, 8417
R AALLE RMSE. MAE F1 MAPE 754 Lt CNN. LSTM Al LSTM-CNN FERUARE Sy, 4 7E [H] kg 30 75
FIVIZRREARS , BATRI iR T oAt BT 458, B S HE ZE (R 30 FPI LSTM-Attention-CNN 5% RMSE
B/ME N 2.46E-03. MAE H/ME A 1.61E-02 Al MAPE #t/IME A 2.01E-02. IXF M TCICA AR L2 i)
HLES SRR, JRATER I LSTM-Attention-CNN 7 i e A8 5 11 e S BT

Table 1. Comparison of prediction accuracy between different models

= 1. NEHEEZ B TTUNE L AR

[A] % 60 F» [A] % 30 &b
Models
RMSE MAE MAPE RMSE MAE MAPE
CNN 6.07E-03 3.19E-02 4.10E-02 5.03E-03 2.98E-02 3.86E—02
LSTM 4.94E-03 3.41E-02 4.44E-02 4.80E-03 2.74E-02 3.56E-02
LSTM-CNN 6.72E—-03 3.00E-02 3.86E-02 5.44E-03 2.11E-02 2.67E-02
LSTM-Attention-CNN 3.09E-03 2.08E-02 2.57E-02 2.46E-03 1.61E-02 2.01E-02

I 18] (60 B 30 A0 &AM TN 25 SR A0 T
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Figure 4. Prediction results of CNN model
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Figure 5. Prediction results of LSTM model
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Figure 6. Prediction results of LSTM-CNN model
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Figure 8. Comparison of prediction results of four models
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TR VIR ST, Bk L H LSTM-Attention-CNN #E7F1 LSTM-CNN AR, FoAi 142 Hi 05
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KT R RAS B HITE S, AT DL FRN R ) 268 7= A BRI A ade B0 0N 45 SR E B B se e )RR, IE BB
FINT A A IS IRE AT IBOR, ASZBLLLEA Attention AR AT A ASCR o J ik o) Ll Pl 55
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— 52 S B
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