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Prediction of Pulse Wave for Target Organ Damage in Hypertension Based on Fre-

quency-Domain Feature Maps
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(1. School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China;2. Basic Medical College, Shanghai University of Traditional Chinese Medicine, Shanghai 201203, China)

Abstract: For less efficiency and low accuracy of predicting on hypertensive target organ damage, this
paper proposes a prediction of hypertensive pulse wave based on mel frequency ceptral coefficient (MFCC)-
based feature maps to accomplish the efficient and non-invasive diagnosis on target organ damage. For low
accuracy of pulse-taking classification in temporal domain, pulse wave is transformed to the MFCC-based
feature maps in frequency domain via replacing angular filter with Gaussian filter, an improved EfficientNet
model, EfficientNetS is employed to enhance the ability of global feature extraction via adding the
improved SIMAM attention mechanism. The clinical 608 cases of hypertension target organ damage
concerning pulse-taking diagnosis are used. The evaluation indicators of five-fold cross-validation
classification, i.e. F, score, accuracy, precision, sensitivity, area under the curve (AUC), are 97.31%,
98.72%, 97.71%, 97.04%, 99.13% , respectively. Compared to the typical models, the proposed method
has higher classification accuracy and generalization performance. In addition, this paper also studies the
correlation between classification of pulse wave and its features, and analyzes the feature importance

ranking in temporal domain and frequency domain of pulse-taking, which can help clinicians seek the
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occurrence mechanisms of hypertension caused by target organ damage, and find the effective
measurements for timely prevention and treatment.

Key words: hypertensive target organ damage; pulse wave; frequency-domain feature map; transfer learning
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WA X, Y, Inc;,, wherei=1,2,---,n, X pulse data, Y label, n number of train data, F number of frames in pulse
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data, m number of train epoch, # number of test date

Wl P(X,Y)=F, M, C

(1) fori=1, 2,3, --, n do
(2) M,= MFCC(X,)
sz =M,
(3) D=
2% Zz
) =
SnX(D,,— D, )
(4) DD, = = .
2X >
=
(5) F(X,)=(M, D, DD) fori=1, 2, 3, ---, m do
(6) forj=1, 2, 3, -+, n/m do
(7) P,;= EfficientNet. tram(M,J, Y, )
(8) EfficientNet.backPropagation ()
(9) end for
(10) fork=1,2,3,---,¢ do
(11) T = EfficientNet.test( My, Y )
(12) accuracy = calculateAcc(T, Yy )
(13) if accuracy > maxAccuracy:
(14) update(maxAccuracy )
End
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2.2 iFfARE

A5 JE R VE M 48 bR AL A5 AR TR0 f TRV B 4 D R SR AR, 43 i) B (True positive,
TP) B BH: (False positive, FP) , B B4 ( True negative, TN) , LA K A FH P (False negative , FN) , i i 75
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i) s | score J2& B BURE ffy 58 R A3 (0] 48 (4 — Foin A 24, [8] B BT 43 SR B (S o 2 AL Il 32 0 AR 3
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A RIREE M, B S 80 AT

ETR
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AN SR SR FH B2 WS VR 457 (Receiver operating characteristic, ROC ) Hi £& FUKS B2 -4 1] 3 (Precision
recall, PR) 1 4ok ] WAL 7Y 43 MR R o D1 A i 4 T3 8 A 380 0 G5 IR Ak ML 14 48 A AT {75 W LE (Signal noise
ratio, SNR) , ¥ 5 #1 i% 22 (Root mean square error, RMSE) Fl14H ¢ & #4 (Correlation coefficient, COR) , i1
RITEWE

RMSE/u; — 1) (=) + e (2 —x,)

2

» (16)
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A3 EfficientNetS BRI M i S 800K 1 TR o F#AEJZ 32 d1 MBS _Conv 14 1%, 78 51> Stage 1,
SHE B MBS _Conv P25 14 MBS _Conv Y2 KO3 1P 45 i {E, Hok MBS _Conv 9 Stride 1, fif
X— 25T — )2 AR AR . )2 E R k)R e B A N . Hob Filters size A 5
2 UE P48 N R ST, OutPutChannels 4 4 > Stage $i B8 19 38 38 0, OutPutShape by i H 5048 44>
38 8 B 19 RO, Repeats B4 Stage iy fH f &2 HE S 5.
2.4 BKigEETIAE

AR S /N i B 1 (W avelet-based denosing) 77 1 X ik 538 T 115 47 8 M2 b B8, 2R AN [R] 9 /)N e 356
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Table 1 Model hyperparameters

Stage Layer Filters size Output channel Stride Output shape Repeat
0 Input 0 0 0 240X 240 1
1 Conv 3X3 32 2 120120 1
2 MBS1_Conv 3X3 16 1 120120 2
3 MBS6_Conv 3X3 24 2 120120 4
4 MBS6_Conv 5X5 40 2 60X 60 4
5 MBS6_Conv 3X3 80 2 3030 6
6 MBS6_Conv 5X5 112 2 15X 15 6
7 MBS6_Conv 5X5 192 1 15X 15 8
8 MBS6_Conv 3X3 320 2 X7 2
9 Conv 1X1 1280 1 7TX7 1
10 Pooling 1280 1 1X1 1
11 Fully Connected 1280X3 3 1 1X1 1

PR HIC I R DR R AT X L SR S 45 TN BC N /NS R db, sym i coif B BRI SNR
5 RMSE X HLE5 R o 38 2% th T AR/ EESE 5 A [ B 08 P A 45 45 SNR A RMSE {H #9 X FE 8 . 4
P AT, symO /il SNR=41.444 7 ek, RMSE=5.084 33 /. 7% SCR 1 sym /N 1 g 22 B/ i 3
X2 N, 5 db /NIEHEAR LG, sym /N HAT B G A0 BRI DU T LA S ok G DK R 2 M i R
A AR AR A W A TR —E FE B RESIME S A AR AL R B, 5 Coif /NI BEAH HE , sym /)N T8 2% I [ £k
SEUIN TE R SR 7 25 M g R v, AR SRR B A S A 3 T T L A BT S B B A R K
FEAE
&6 SR T DA kA 28 ad /N R R L R R R AL IS B R o A BT AT 8k AR R R R 2R RS
FEBRIE L LA IOk R Y B 2 TR A B (SR BT AR, e SRR S A R R B R AR T 29 2000 R,
U A g U A AR A R RN g M L T T AR A B 0 SR A AT X
K7 L8 T 30 a FH A SR 2SS 26 SR 7 i P AL A8 A o 204 AT B X e i R B AR O K2 R A,
5 /N AF 1k (Wavelet transform, WT) 1 EMD 8.3k A [t , # 22 % 5% 5 35 (Successive projections algo-

44— SNR —RMSE {18
0t {16
Eg40- 114 g
< 38t 112 3
% 17}
Z 361 -105
34t .
32t 16

30

§§§@§§@§@§§§§§§§§§&9§ &

K5 a2 AR LA

Fig.5 Comparison of different wavelet denoising effects
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R2 FRMNEBLZEBRERURER

Table 2 Comparison of different wavelet baseline drift correction dB
N db sym coif
A SNR RMSE SNR RMSE SNR RMSE
1 31.113 3 16.718 66 31.113 3 16.703 20 40.088 6 5.943 42
2 39.988 5 6.005 19 39.988 5 6.012 35 41.408 9 5.105 31
3 41.186 7 5.233 62 41.186 7 5.237 59 414381 5.088 18
4 41.401 5.105 53 41.399 8 5.110 64 41.436 5 5.089 14
5 41.4117 5.099 62 41.436 6 5.089 03 41.4313 5.092 16
6 41.409 3 5.100 57 41.443 2 5.08518
7 41.4213 5.093 46 41.4313 5.092 15
8 41.4213 5.096 06 41.442 2 5.085 74
9 41.405 4 5.096 06 414447 5.084 33
10 41.402 4 5.104 91 41.4315 5.092 06
1400 — —
| I — Original — Denoising — Baseline drift correction
1200 v p I
1000} N i ‘\ T
A A N “H““ | ‘w‘\ “\ L
ol L0 LAY WYL VL
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E MMU\WW“UN U U‘Jlﬁﬂqwqw
g 200 NSIA ’ \f )
E 0 | !
=200
-400 F
o 500 1000 1300 2000 2300 3000 3500 4000
Time /s

K6 EBRAEL A R 5 BB I 18]

Fig.6  Pulse wave after denoising and baseline drift correction

rithm , SPA) S5k R BT B A KRG MR AE L BIBR 1 3R AR RS B, A BT 1 SNR H FIEL /N 1) RMSE
{E, UL SPA B3 B0l 5 A o R D S 2R 5R% 5B T7 1%

4.0 1.2
3.5k == WT - WT
3.136 3:241 3.258 = EMD 0972 o pvp 0970
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= 2.5
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(a) Comparison of SNR and RMSE (b) Comparison of COR
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Fig.7 Comparison of different baseline drift corrections
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2.5 BRiSHEE RS
2.5.1 HFAEFRIR

A CHEET EfficientNet-B1 Ay # T MFCC F#AE 2 BB AR HT TG-MFCC, 5 JF iR B ALAR L, A 3C
) HHUT 725 460 488 B30 o 33 2 4 SR A 780 o 336335 7 Mel R D8 U8 B B, 2R P v 07 00 e 0 A 400 A A6 = £y
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Fig.8 Comparison of different MFCC-based feature extraction methods
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2.5.2 E&EANIA

A SCAB R EfficientNet #5282l i 380 7 A [6] 1 2y HLR, I BE X i il H B0 % B 845 k2 R A I
SrEERE o 4 AE TRl — 1 B i SK(Selective kernel) \BAM (Bottleneck attention module) ,CBAM (Con-
volutional block attention module) ,CA ( Coordinate attention) {3 2 J3 WL AL L , 5 % b 30 48 DAk 2 B0 LA
K Loss ROC 5 PRMIZk, 3R 3R 9 P . B9, - 2945 B (Averge precision) i ap %R, Al LI
AR SO AL P Y SImAM TE B AL 4 2P Re & T H BB AU, 5 E CBAM BLEUAR [ L F, scores
HINT 5.2% , AUCHE S T 0.8% , X J& T SimAM FEE S MLEI T HUE A L , A5l ABINSEL,
T TR A5 PERE . 5 SKNet M HL, A4S SCHEEY Fy score B4 M1 12.3% , Accuracy ¥4 71 13.9% , Precision
BEm11% . X i T SKNet J& T8 B 2 AL, 3h 25 42 0B B, AR 3l G A 3003 B 3R B Ik 7
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TR A2 ITRE & S/ DM SR = 4EAUE 5 THE AL 7 S PR RE .

x3 EFEANE

Table 3 Performance of different attention mechanism module %
Method F, score Accuracy Precision Sensitivity AUC
SKNET 76.7 88.3 80.6 74.4 95.4
BAM 71.8 83.5 80.02 81.2 87.6
CBAM 84.6 90.8 85.8 84.2 98.1
CA 73.6 83.6 76.7 72.3 95.2
SimAM 89.4 94.2 91 89.5 98.8
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Fig.10 Loss, ROC and PR curves of five-fold cross validation on various models
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F4 TEBEBRSEMRELLE

Table 4 Comparison of classification performance of different models %

Method F, score Accuracy Precision Sensitivity AUC
LSTM 60.3+3.24 77.17+£5.98 62.3+£2.31 60.3£5.62 80.243.41
MIRNet 65.84+1.22 84.4+2.31 70.243.51 63.74+1.14 95+2.35
Brnet 73.1+£2.43 85+4.06 774+1.85 71.1+£2.57 964+1.75
EfficientV2 77.3+3.54 74.5+7.34 81.248.23 75.845.48 824472
Inceptionv4 78.6+2.73 77.3+3.23 85.245.15 76.24+4.34 78.2+8.11
MobileNetv2 81.6+£3.16 79.5+£2.61 91.5+6.12 83.3+£5.12 82.1+6.92
EfficientS 89.4+1.45 94.243.72 91+2.77 89.54+2.90 98.84+0.52

ficientNetS #5 1 F| scores 34 /i1 29.1% .23.6% .16.3% ; AUC {H 34 i1 18.6% .3.2% .2.8% . X 4= T ¥
MF CC J3 81 R fiF 5 4 5l A S, 3398 DA 8 % B mT LR 4 M 32 I AN [ B 22 43 R 80000 42 R R IR, Z 4k
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