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Hypertension risk stratification prediction model based on frequency-domain pulse wave Mel-scale frequency
cepstral coefficient features
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[ Abstract ] Objective To propose a frequency-domain pulse wave prediction model based on fusion attention
mechanism, improving the low classification accuracy and poor generalization performance of hypertension time-domain pulse
wave classification based on artificial intelligence technology. Methods Firstly, the time-domain pulse wave was transformed
into frequency-domain Mel-scale frequency cepstral coefficient features to enhance its discriminability. Then, temporal
convolutional network and Transformer structures were employed to extract the deep features of pulse waves, and self-attention
mechanism and selective kernel attention were combined for decision fusion to extract relevant features. Floodings regularization
method was used to indirectly control the training loss and prevent overfitting. A 5-fold cross-verification experiment was
conducted based on 527 clinical pulse diagnosis data provided by Longhua Hospital, Shanghai University of Traditional Chinese
Medicine and Shanghai Traditional Chinese Medicine-Integrated Hospital. Additionally, the extreme gradient boosting algorithm
was employed to calculate the contribution rate ranking of frequency-domain pulse wave features, and the key factors affecting
the classification accuracy of the model were analyzed to provide reference for the clinical auxiliary diagnosis of traditional
Chinese medicine. Results The evaluation metrics accuracy, F1 score, precision, recall rate and area under curve value of
the model proposed in this study were 0.939 6, 0.924 9, 0.940 9, 0.929 5, and 0.993 4, respectively. The static characteristics
of the pulse wave, the contribution rate of the first-order difference and the second-order difference coefficients were relatively
balanced, indicating that the degree of hypertension risk was not only related to the static characteristics of the pulse wave, but
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also to the dynamic characteristics of the pulse wave. Conclusion The proposed model has higher classification accuracy and

generalization performance compared to typical pulse wave classification models.

[ Key words | hypertension; risk stratification; Mel-scale frequency cepstral coefficient; temporal convolutional

network; Transformer
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DLBR e KB R A 1Y) X 3 o

DCT Log

Split-frame

MFCC ¢ AiF £ B aof #2328 40 455 9 fin &
i, N, MR 2RI 5 (empirical
mode decomposition, EMD ) . #/RK1A4%F ( Hirbert )
ARHe . BFRIEERL . Mel = fMagdias . XMEGEHE
el e, BEARRBENE 1 PR,

Pre-processing

Hamming Increase
window noise
\ 4

Time dimension integral. EMD,
Mel triangle filter Hirbert transform

MEFCC feature extraction

B 1 MFCC $HEREE 2
Fig1 MFCC feature extraction process

MEFCC: Mel-scale frequency cepstral coefficient; EMD: Empirical mode decomposition; DCT: Discrete cosine transform.
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Fig 2 Structural diagram of 3 fusion methods (a), (b), and (c) in attention mechanism

TCN: Temporal convolutional network.
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Fig3 TCNT-SK(Fs) model structure
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- A N s Decision
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results

TCNT-SK(Fs): Temporal convolutional network Transformer-selective kernel (Floodings); SPA: Smoothness priors approach;

HHT: Hilbert-Huang transform; DCT: Discrete cosine transform; MFCC: Mel-scale frequency cepstral coefficient; TCN: Temporal

convolutional network; CNN: Convolutional neural network; SK: Selective kernel.
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£ 1 TCNT-SK(Fs) #EJ| AR5
Tab1 TCNT-SK(Fs) model training pseudocode

Algorithm: framework for our deep learning model TCNT-SK(Fs)

Input: X(n), Y(n). X: target pulse data; Y: lables (0, 1, 2); n: the number of pulse data

Output: predictive labels
1. fori=1,2,..,ndo

2. X,=preprocessing(X; )

3. features[i] =MFCC(X))

4. end

5. iteration<«—0

6.  while iteration<<number of epochs do

7. initialize the model parameters

8. iteration «—iteration—+ 1

9. for each batch in data do

10. TCN layer: X, =TCN(features)

11. Transformer: X, = Trans(X))

12. CNN layer: X,=ConvReluMax(features)
13. SK layer: X,=SK(X))

14. FC layer: dec,=Linear,(X,), dec,=Linear,(X,)
15. pre =dec,+dec,

16. end

17.  return all pre

TCNT-SK(Fs): Temporal convolutional network Transformer-selective kernel (Floodings); MFCC: Mel-scale frequency cepstral

coefficient; TCN: Temporal convolutional network; CNN: Convolutional neural network; SK: Selective kernel; FC: Fully connected.

1.5 MAAHEE TCNT-SK(Fs) 18I 1 S50k
EUNER 2 Fron o UG WK AR -5 8 5 BURHSUCR AR
JE FEAE MECC K FEA — S0y il @i, At R FH AR s
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KBEH 200, BAYEREELE 36 MAFIE, L
1 MFCC %8 i 1E o A5 B0 A0 Ao A2 80 5= %
TCNT H1 SK BB e s fill 5 2 A, TCNT BB
f9 TCN A5 2 ANBEGZ, R0 18 200 71 24
1365 F AR T AR XK Dy s 45 BaxX — [l 5,
TCN Z5 g e fifi 1 T 23 0 5 BOR HE UsAz B, 23 1
LS 1 MBS KR ST (dilation size )

KRB (kernel ) B9 0] FR &R, WAk RS BE
FHIZEIGIE 0N, B — R BN A
FRAZ L AT LLSRASAR KA Sz WY, 3 L 5 AU
2o ARSLEH Transformer B HH T 4ifid 4
Encoder B 7r H1 1) 2 J2 450, ZLkiEE W SEH
4, % A IE B R TCN B i o8 36 4. 1fif SK
5 A 0) 54 300 sk 5 R KA e A R A i T A
218 4k, HBFUZEE: 5 0] IR BCE KAz 0, %2
G AT AL ERAE, AR5 A A IE 250 (input
channel ) &y 18 [ SK A=A, 2 AR 38 o) f Je
1 ~F- 2 (flatten ) FIZIE)Z (linear ) #7475,

PR A HH 45 SR AT DR Rl 5 45 31 B 2 i A AU T

-+
gIZI o

&2 TCNT-SK(Fs) HEE S
Tab 2 TCNT-SK(Fs) model hyperparameters

Layer Filter size Output shape
Input 200X 36
TCN_layerl 2X2, stride=1 200X 24
TCN_layer2 2X2, stride=1 200X 36
Transformer Head=4, n=2 200X 36

Flatten 1X7200
Linear 1X3
Convolutional 5X5, stride=1 18X200X36
MaxPooling 2X2, stride=1 18X100X18
SK Input channel =18 18X100X18
Flatten 1X7200
Linear 1X3
Decision fusion 1X3

TCNT-SK(Fs): Temporal convolutional network
Transformer-selective kernel (Floodings); TCN: Temporal

convolutional network; SK: Selective kernel.
2 MRFAEE

2.1 BASA ARSI IS AR A BRI 5L
i, FEACRAERITR BB H A 5 min LA |, JF7E 60 d
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1 000 Hzo A 5256 (8 F_E 1 v B2 24 K2 B g e 4
I B K v vh B 45 G Be B B Y 527 B IR ik 12
B, B 223 6] (42.31% ) , FHER N
(66.35+10.37) %5 LMl 304 4] (57.69% ) ,
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SRR A (71.3248.51) % BR824
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error, RMSE ) PFAG IR e | LBRIEELIER T

RO, SNR{H K, RMSE i 8/ 3 B 25 M Ak S
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{P pn) WIEIRE S, p'(n) WERJEES, NRIfE
SRIE,

F 3N TRV . ARG S T,
545 SNR FI RMSE{H., X} e AP, #E4#F Symlets
ZIIHY Sym7 /N AE g/ N kA A 5k
Fr R A A 2 (Y R5CR B dig, HSNR Ky 36.867 7,
RMSE #y 14.842 5, #25AfH. SymN /NETEESE
PE. KR BRI KRS S doN /NE—EL,
8 SymN /N B SRR, Bl— e FRENS
WX S A T A R A RS AR O L
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Z G W I 3 PO ikl T BRI, 4
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®3I FREUNEEBRBRHRILR
Tab 3 Comparison of different wavelet base noise

reduction effects

Signal dbN SymN

length SNR RMSE SNR RMSE
1 28.149 3 40.274 1 28.149 3 40.274 1
2 36.412 0 15.6373 36.4120 15.6373
3 36.813 3 14.9350 36.8133 14.9350
4 36.848 5 14.8752 36.850 6 148715
5 36.860 1 14.8555 36.863 0 14.850 4
6 36.859 7 14.856 2 36.865 3 14.846 5
7 36.858 7 14.857 8 36.867 7 14.842°5
8 36.860 1 14.855 5 36.864 1 14.848 6
9 36.861 3 14.853 4 36.863 9 14.849 0

dbN: Daubechies; SymN: Symmetric Daubechies; SNR:
Signal noise ratio; RMSE: Root mean square error.
R4 FEFEEEZREBIRILER
Tab 4 Comparison of effects of different methods for

removing baseline drift

Method SNR RMSE
SPA 23.8889 39.683 8
EMD 21.893 5 55.496 6
LPF 11.613 9 59.982 4

SNR: Signal noise ratio; RMSE: Root mean square error;
SPA: Smoothness priors approach; EMD: Empirical mode

decomposition; LPF: Low-pass filter.
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fE 5 RAFE] 5 AR B SCIRETR, X 5 L Es R
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Fig4 Data waveform after removing baseline drift and noise
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321 AR AL E BT X5 O R AR A9 K

2B E 4, R TCNT-SK(Fs) fill & #5181, Jf 5
Transformer, CNNT 2 AUAH L, #4715 Przc X
YOUE o AR Y K PR TR IE 0 2R 25 SR L 5,
g3 M & vh 8BS TT L, A Transformer £ Y i A
CNN & FUZ 0] DU 8504 = A7 g e i, Lo
PR 2.60%, F1AEFETHT 1.02%, KR T
2.16%, BT T 1.65%, XEH N CNN £
JZ AT LA MFCC [ 4E JE R R AT 3, $RHUH B
AR CHROC R BKIZRHE, e T 2R .
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RGO L B, B RS UE
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i, N T IR RE, AR T A AN
—Fp SK R AIHLE], MASIR] TR AR AL
A o B DR TR RS B 2 MR
B, 2 R PR A o i R A T A5 5, A5
FIH AR TCNT-SK., 7] LIA HH, TCNT-SK FLHIf)
PERBAHES T EAS TONT A T Tt, HuErf B4t m 1
2.53%, FIEARTFT 3.35%, AGHFRET T 0.94%,
HEERETF T 2.21%, HIEH TS B2
MG E AT 4%, METEIESHIEZNY
A, BEA ARk AR A, MISIAT
Flooding %, AR U240 0 A — A/ IV 2 BT 77
&, B kIR i T 0, Azt Hok ek ot
IR TR . 2 AP E LS TCNT-SK(Fs)
REAY . A% T TCNT-SK #/, TCNT-SK(Fs) % /Y
HIMERREHE S T 0.89%, F1{HEETF T 1.41%, A5
T T 0.67%, BEERETT 1.90%.
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Tab 5 Frequency domain feature classification results of pulse wave based on different models

n=>35,xts
Model Accuracy F1 score Precision Recall
Transformer 0.8792+0.023 4 0.8425+0.035 1 0.875240.039 1 0.854 5+0.0550
CNNT 0.902 1£0.064 8 0.851 1£0.143 7 0.894 1£0.107 1 0.868 6+0.131 4
TCNT 0.908 3+0.034 5 0.882440.039 5 0.925940.025 6 0.892 5+0.040 6
TCNT-SK 0.931 3+0.008 3 0.9120£0.011 6 0.934 61+0.008 8 0.912240.007 9

TCNT-SK(Fs)

0.939 6+0.017 9

0.9249+0.019 4

0.940 940.018 0

0.929 5+0.020 1

CNNT: Convolutional neural network Transformer; TCNT: Temporal convolutional network Transformer; SK: Selective kernel;

Fs: Floodings.

322 TCN TCN j&—F FH K fiff ok Bt ] 7 471 a0
FOEE . (AN TRI 44 TONT Y i Jik bl At b
TR A L W 6, /A Ed o, i 2
TCN B}, 8BS HEERE 36 15 2853288 7 3L
SRAGhE, WERGEE Y 0.904 2, F1 {4 0.870 3, A&7
0919 1, FHH 0.884 2; 14k L il iE
BT IS8 0 SRR O N R, X i Tl R

WA TUAE R, i 524,
HARIPERE N R 40l H £ )2 TCN B, o] L& 3
XF T 2 )2 TCON A5 76 3 i 5 24-36 4L A e R B
T 36-72 LA, BXJEH TEEECH 36 F1 72 Hf
PEHURRIE (S Bt 22, BRI 2R, S Eus R
REFEAR. 1M 3 J2 TCN B n] DU BB 2 FRE, (H
WL DR IESE N, B 24 B ik (= 25 2 s G 045 o

&6 AREHEE TONT BB BE RIS IED KER

Tab 6 Frequency domain feature classification results of pulse wave based on different combined TCNT models

n=35,xxs
Channel Accuracy F1 score Precision Recall
24 0.889 6+0.029 9 0.8478+0.034 1 0.906 9£0.020 2 0.848 0+0.041 3
36 0.904240.029 0 0.87031+0.0357 0.919 14+0.027 6 0.884 240.046 7
72 0.868 80.040 9 0.800 1 £0.111 1 0.8735+0.084 8 0.8150%0.106 4
24-36 0.908 34+0.034 5 0.882440.039 5 0.9259+0.025 6 0.892 5+0.040 6
36-72 0.868 81+0.093 8 0.809240.149 6 0.84774+0.170 8 0.845240.107 3
24-36-72 0.889 6+0.036 4 0.851 1+0.046 6 0.904 7+0.026 0 0.848 5+0.052 1

TCNT: Temporal convolutional network Transformer.

L TN T ASE G RUZ B CNNT B8 5328
gEA, MR R TR, REERUZEm,
FREERI NG B, BIRMERE A rE T, XJE
THBAZE DRI TG 2 2] 3 K Rk 2 ]
IGR)Z IR G B, R ) & A FR PR AR
MY FUZIE 2] 4 J28), BAMERE A FTREAIL,
O T CNN 2B T A A MIRZE R, 1

FERT I RLGEE, AT BRI, K
I, 38 MG BUZEOHE R PERE R IR L, 2
XF b TCNT B AU 5 CNNT A% 8145 [ 1) Je i 2 0 &
M, AiEA TONT AR (2 2, i N 24-36)
WAL PERER L, 43 EUERH R 0.908 3, F1
H°M 0.882 4, K5 4 0.925 9, H[EIF N 0.892 5
(%6).

®7 AREEREH CNNT BB R STUREHE S KR

Tab 7 Frequency domain feature classification results of pulse wave based on CNNT models with different convolution layers

n=>5,xts
Layer Accuracy F1 score Precision Recall
1 0.8854+0.031 6 0.83971+0.043 1 0.904 44+0.024 6 0.844240.046 5
2 0.893 8+0.0179 0.8554+0.026 1 0.9222+0.018 6 0.878 9£0.036 6
3 0.902 1+0.064 8 0.85114+0.143 7 0.8941£0.107 1 0.868 6+0.131 4
4 0.868 8+0.085 0 0.815340.136 1 0.840 7+0.170 1 0.831 0+0.084 4

CNNT: Convolutional neural network Transformer.

3.2.3 Transformer %5 14 ¥ #%
Yt as — iS4y (encoder-decoder ) P 3543 H4) Ai,

Transformer A5 A Hy

X FASL G B9 43 2341 55 H 3%k FH Encoder 843 HN il 5¢
.o Transformer AR H T 23k E 71 (multi-
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IR WG, AT LAFEAS [R] 023 [a] v 43 ) (5 AN TR A A
FAERF A TEAE, DA 2 L PR SE Tt .

7E TCNT B ALV |, ASCIHRS G 1 St
TEBOT R 1, 2.0 3 FESKER IS E R 2,
4., 6 3L 9 FPIE LT Transformer 57 Y 1 i 38 81 %
BV FR bR, S5 03 8, G AL ZE M £ 3k
HE SR, BARPEREA i, BES XTF

URFRE, B i TR ZE AR R EUE B AR A
B, ELAAZ R B B 2 [ R 2B R, RG22
NEBAME BIUA N, AR AT RES1S 5] — g 2
WHYBEZR, THZMG THHEZ MRS B 23k
BHZEE S Z K0, SEERERT PR
% L&, BNEES 23k B I SR hndR 2
BRI NE R ) 2 2, BT RN, A5
FHEAE T HI, Transformer fRA B RER PR
I, ERSZERNSEHEmA R, 5445
Z RN 22 FAHXT /N, ARSI REZECh 2. 23k
TR IZHC 4 1) TONT 588, HUERE R 09125,
FI{E70.883 6, F&Hfi% 4 0.922 3, A F%40.901 8,
3 AR AT R N Bk Re R Ak
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Tab 8 Frequency domain feature classification results of TCNT model with different encoder layers and heads

n=>5xxs
Encoder layer Head Accuracy F1 score Precision Recall

1 2 0.906 2+0.026 4 0.8754+0.036 6 0.920 6+0.020 8 0.878 0+0.043 9
4 0.908 3+0.034 5 0.8824+0.0395 0.9259+0.0256 0.892 5+0.040 6

6 0.904 2+0.034 5 0.882 740.044 1 0.918 54+0.0259 0.884 7+0.041 1

2 2 0.904 2+0.020 2 0.868 7£0.026 4 0.918 7£0.021 8 0.8773+0.041 4
4 0.9125+0.0193 0.883 610.022 9 0.9223+0.021 3 0.901 8+0.029 5

6 0.902 14-0.031 3 0.866 4+0.042 3 0.913 6+0.029 6 0.871 940.050 5

3 2 0.908 3+0.0167 0.883 1£0.027 0 0.9173%0.0127 0.8899+0.018 0
4 0.900 0+0.016 9 0.860 610.023 8 0.911 1+0.021 2 0.860 9+0.027 8

6 0.904 2+0.025 9 0.8672+0.031 9 0.912940.021 1 0.858 74-0.032 6

TCNT: Temporal convolutional network Transformer.

324 EEHAYLE Transformer #2 KUl A H 13 =
TIHLH, R T e SRR R, FE R A AR Y L Atk
b, AR EFEALES SE. SK, CBAM, SimAM Fl
CA ISP HUHRIHATIELR, 1HE T (@), (b). ()
3 PSR ) AL Rl G SR, AR BIR 4328
RN 9 FiyR . HT SK 4k Joik 5 TCN LR,
HeEn A 773 (o) PRI TR A K, SLIREE R
B, ARG 7 AN 0 R AL RO A A
AL, AR, RlE T (a) BUS T AR L,
HoA TCNT+SK A9 v & I L Rl G 7 v AR 4
Bz Ak, HERGE R 0.931 3, F1{H} 0.912 0,
W30 0934 6, AIZN 0912 2, M TH#HAT
P SHGE P TONT #ERL, B P RE A T4t v,
HAEMER R FIRE T 2.06%, F1EERTHT 3.21%,
FEHRAETE T 1.33%, HEERETFT 1.15%. X2
W T 2N L P (A AL e % AN [R) 7
ARG B, SRR CE B, &h

ZI7 R BERGER, B THIMERE.
BT B3 5 AR ALY i A 2 A
LI AE R WA 10, SE i i — A R M i
SR T RN TR (7 B AN TR R, 4530 B o
BEAFFESS B . CBAM AJ L7 i 18 7125 [A] 4E B |
BT B MR, PRIE T I RERSAE A E 4 R i
REHAR B B B P25 B8R v . CA R )
IIR 2 YRR RS AR, el 2 ASasTE Ty
[ A AFAE, R T LUK AN R FH T Ak
K, DA SCTER RN R . SKAE SE (55 L 2k
77 Bk, e AR IR o AR [ RN A A
TR X I A A AR AR SR IBURAAIE, A= Gl 1 0 ) 15
B SimAM 48 H T LA RE Bt R E R i Al 22
JCHYE ENE, HASSIABIMOSE. hikh s
AL, B SimAM T ML A 2 19 73 2K 4K
L B SKOHTG, U AEAS S A Rl 58
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Tab 9 Frequency domain feature classification results of pulse wave based on different attention mechanism

combination models

n=>5,xxs
Combined method Attention Accuracy F1 score Precision Recall
(a) TCNT++SE 0.9062+0.0323 0.871 8+0.039 5 0.9215+0.0152 0.883 1+0.022 1
TCNT+SK 0.9313%0.008 3 0.9120%0.0116 0.934 6+0.008 8 0.9122+0.007 9
TCNT+CBAM 0.929 240.022 2 0.904 6+0.026 0 0.936 1+0.022 2 0.908 24-0.040 6
TCNT+SimAM 0.9104+0.0193 0.880 5+0.021 6 0.924 6+0.012 4 0.8895+0.0195
TCNT+CA 0.9146+0.0325 0.880 8+0.036 7 0.928 1£+0.026 9 0.8863+0.0354
(b) TCNT+SE 0.906 2£0.013 2 0.8821£0.018 7 0.9142£0.009 3 0.8854£0.024 6
TCNT+SK 0.9104+0.034 0 0.888 5+0.036 4 0.921 74+0.029 9 0.904 0+0.042 2
TCNT+CBAM 0.902 1£0.032 0 0.866 0+0.051 1 0.9132%0.0302 0.876 1+0.047 9
TCNT+SimAM 0.8729+0.043 9 0.823 9+0.084 7 0.893 5+0.027 2 0.822 0+0.096 2
TCNT+CA 0.889 610.026 8 0.848 3+0.039 0 0.896 1+0.027 0 0.844 940.054 8
(c) TCNT+SE 0.920 8+0.015 6 0.893 010.020 7 0.940 5+0.013 2 0.9200%0.019 4
TCNT+CBAM 0.9187£0.019 1 0.8850+0.028 5 0.923 0+0.020 6 0.881 5+0.040 7
TCNT+SimAM 0.918 7£0.029 0 0.890 1£0.034 2 0.9323+£0.021 6 0.9094£0.024 5
TCNT+CA 0.916 7+0.017 4 0.884 7+0.021 6 0.931940.012 7 0.901 0+0.019 1

TCNT: Temporal convolutional network Transformer; SE: Squeeze-and-excitation; SK: Selective kernel; CBAM: Convolutional

block attention module; SImAM: A simple parameter-free attention module; CA: Coordinate attention.

R 10 BMFEAVEIEE BB RITBES KER

Tab 10 Frequency domain feature classification results of pulse wave based on attention mechanism models alone

n=35,xxs
Attention Accuracy F1 score Precision Recall
SE 0.6979+0.162 3 0.489 1+0.304 2 0.558 1+0.291 3 0.55484+0.271 3
CBAM 0.7979+0.075 9 0.6914+0.128 1 0.793 74+0.092 7 0.6973+0.118 8
CA 0.856 2+0.106 5 0.786 51+0.174 3 0.896 1£0.062 0 0.8000+0.177 2
SK 0.9042+0.024 1 0.875540.032 4 0.907 6+0.026 0 0.874 81+0.040 1
SimAM 0.914 6+0.021 2 0.880340.024 5 0.9229+0.016 9 0.890 61+0.011 0

SE: Squeeze-and-excitation; CBAM: Convolutional block attention module; CA: Coordinate attention; SK: Selective kernel;

SimAM: A simple parameter-free attention module.

3.2.5 #F Floodings &9 E I .  7F TCNT-SK 7l
il LA SR () Y FEAE b, BEPEAR TR IE WALy i
B il 5 AR TR (1) A R 5 SR DL 3R 11, BEAUERERY 5 I
ESCHELE R LI 5, 43 B8 nl AR WA 3 R e
WLTF- Bk se el e B bERE, o L1, L2 J&ilad
P IAEST Ok FR AR S BUE T L, AT
LA B RURS: o SRMT, NS B B AR TR S5 B
(BTG AT BB 2 B R TO VA AR f 1 35 o7 )1 S 85080,
MNITEE ISR () R B . Max Je—Fh 3t T2 A IE
WAk Ty, e ik BIR ) 2 B ] a0 ROk 458 Tl A AR
2% R, DRI AT B2 BH AR fff FH AL e 280
FeAUABE, FEAEAIPERERE . 17 Floodings %
STRU WU RESD X e Ml CTE 2 ot M R PR )

BT R, REMSHR m R B FE Az fb e . ARSI
45 B 5 oR, 51 A Floodings 5 I 114 Fil 4 A6 % TCNT-
SK(Fs) i 7/ 5 B 4y 0.939 6, F1{H 4 0.924 9, *4
%4 0.940 9, A HIHK 0.929 5, HHETARMA
1E A Y TONT-SK AR A, H7e v B L4 T
0.89%, FI{EIRTF T 1.41%, KEHFRIET T 0.67%,
HARREF T 1.90%.

ASAd I WAk . {# FH Flooding % & F1 & F
Floodings %1 3 Fh i ol T A B I it 72 04 04 2% i
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Tab 11 Frequency domain feature classification results of TCNT-SK model with different regularization methods
n=5xxs
Regularization Accuracy F1 score Precision Recall
Ll 0.916 7+0.023 8 0.879 81+0.040 4 0.92524+0.025 4 0.884 61+0.059 4
L2 0.9208+0.019 3 0.893 81+0.024 1 0.923 8+0.020 6 0.895140.030 9
Max 0.918 74+0.034 5 0.896 3+0.045 4 0.92274+0.033 3 0.901 610.048 1
Flooding 0.933340.021 4 0.915340.024 7 0.93834+0.019 7 0.919240.022 6
Floodings 0.939 61+0.017 9 0.924940.019 4 0.9409+0.018 0 0.929 54+0.020 1
TCNT: Temporal convolutional network Transformer; SK: Selective kernel.
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Fig5 Boxplot of 5-fold cross-verification results of TCNT-SK model with different regularization methods

n=5. TCNT: Temporal convolutional network Transformer; SK: Selective kernel.

0.9
~— 0-fold cross validation
0.8 1-fold cross validation
0.7 — 2-fold cross validation
— 3-fold cross validation
. 0.6 — 4-fold cross validation

BEo6 HEZIRREPIRKEN TR

Fig 6 Decrease of loss values during model training

A: Without using regularization; B: Flooding; C: Floodings.

33 FRMAMNLERLER KT RIEME
£ 1 TCNT-SK(Fs) 19 70 R ACR, AL T
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( bi-residual network, BRNet) . 2 R J&F 5k 22

%% ( multi-scale residual network, MIRNet) 1%
4 3% 35 FHL W 2% (dense convolutional network,

DenseNet ) 5 Ffr $1L U fisf [8] 7 471] 43 2 455 184 K [ HL A%
M (random forest ) F1 4% & $2& F+ P 5K A (extreme
gradient boosting, XGBT ) 2 F#L #5258 1) 53
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BRNet. MIRNet. DenseNet £ %I A [t, 7 525 (1)
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Tab 12 Evaluation indicators of different models for risk stratification of hypertension patients

n=>5x*s
Model Accuracy F1 score Precision Recall AUC
RF 0.544 5+0.025 1 0.4347%0.021 8 0.3945+0.0323 0.328410.020 6 0.691 7£0.016 1
XGBT 0.5654+0.008 0 0.428 0£0.006 3 0.4309£0.089 1 0.3328£0.008 8 0.709 5£0.010 6
LSTM 0.900 010.032 0 0.8789+0.0395 0.911 7+0.028 6 0.903 3+0.0399 0.947 810.041 9
CNN-LSTM 0.918 7£0.034 5 0.901 2+0.035 8 0.9274+0.029 5 0.904 1£0.029 3 0.918 1£0.038 0
BRNet 0.897 940.036 3 0.865940.044 8 0.910940.023 5 0.8793+0.032 6 0.943 1+0.048 4
MIRNet 0.900 0+0.029 5 0.872 1£0.029 9 0.9321+0.0144 0.904 8+0.021 3 0.969 8+0.035 0
DenseNet 0.914 6+0.043 4 0.874 74+0.106 9 0.932740.023 2 0.8924+0.097 8 0.939 1+0.056 4
TCNT-SK(Fs) 0.9396+0.0179 0.9249+0.019 4 0.940 9+0.018 0 0.929 5+0.020 1 0.993 4+0.003 3

RF: Random forest; XGBT: Extreme gradient boosting; LSTM: Long short-term memory; CNN: Convolutional neural network;
BRNet: Bi-residual network; MIRNet: Multi-scale residual network; DenseNet: Dense convolutional network; TCNT-SK(Fs):

Temporal convolutional network Transformer-selective kernel (Floodings); AUC: Area under curve.
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Fig7 Loss (A, D, G, J, M), ROC (B, E, H, K, N) and PR (C, F, I, L, O) curves of 5-fold cross-verification of different models
A-C: 0-fold cross-validation; D-F: 1-fold cross-validation; G-I: 2-fold cross-validation; J-L: 3-fold cross-validation; M-O: 4-fold
cross-validation. ROC: Receiver operating characteristic; PR: Precision-recall; LSTM: Long short-term memory; CNN: Convolutional
neural network; BRNet: Bi-residual network; MIRNet: Multi-scale residual network; DenseNet: Dense convolutional network; TCNT-
SK(Fs): Temporal convolutional network Transformer-selective kernel (Floodings); RF: Random forest; XGBT: Extreme gradient
boosting; AUC: Area under curve; AP: Average precision.
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Tab 13 Parameters, FLOP, and running time of different models =k
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RF: Random forest; XGBT: Extreme gradient boosting;
LSTM: Long short-term memory; CNN: Convolutional neural
network; BRNet: Bi-residual network; MIRNet: Multi-scale
residual network; DenseNet: Dense convolutional network;
TCNT-SK(Fs): Temporal convolutional network Transformer-

selective kernel (Floodings); FLOP: Floating point operation.
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Fig 8 Contribution rates of 36 MFCC features in the frequency domain of pulse waves based on XGBT algorithm

XGBT: Extreme gradient boosting; MFCC: Mel-scale frequency cepstral coefficient.
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