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Abstract

Pulmonary hypertension (PH) is an obstructive progressive disease of lung vascular system which
is usually associated with congenital heart disease (CHD) and induces the right ventricle failure,
adversely affecting quality of life and survival. Pulmonary arterial pressure (PAP) is a direct indi-
cator of PH. The existing PAP measurement techniques are invasive and inconvenient, which are
not suitable for frequent use. A noninvasive, convenient and regular monitoring PAP method is
essential for the early prevention and diagnosis of PH. The aim of this study was to propose and
evaluate a deep learning approach for the classification and evaluation of PH from noninvasive
photoplethysmography (PPG) signals. The PAP signal was used to extract pulmonary artery pres-
sure category label, the PPG signal was used to train and test model. A pre-trained convolutional
neural network (GoogLeNet) was developed to learn features and classified PH based on the re-
sults from 216 data records, the experimental results showed that the classification accuracy of
this model was 97.78%, which indicates that the GoogLeNet model trained on features extracted
from PPG signals has excellent performance in PAP classification.
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it 20 ik He (P AP) & 45 I 30368 it Jili (8 2075 S Bk i b= A= M e 77, 2 I PR L3R 3 ) 2 ) B AR b
[1]e SIMEARE, IMHERZ4EGMEHRE IR, 110 PAP &G E J1 048 bR B 645 il 3l Bk U 46 & A0
PR, 20 3l A O 25 AR T R S0 Bk I L A9 (2] 1340 i 30 ik s 2 i 6 5 A WA 48 AN AT 3 9 1) 1)
SIS K 7, 8 TS R G T A ISR S AR NG D E S R TR bR, SFI Sl
Jik s 7~ A O BEAE SR ML 20 2505 AR R 770 R TP R8sl Bk R 3G, 450 = S i, S 80H O =R
B, AP O3], R EE S DA SR EEE, SRR M K S R (PH) S P A
AFIHA N 2.8 £E[4].

W A M 0 ik s 48] (0 20 8 22, B U o i NI B KR DR B2, (HR AR S . Mgk
SRR AR I R PR 98 57 R ISR P R RER X 22 LA R LR i R
RIRTIBEIGE[S]. Ak, PAP HIEARAEN B iE——A 0= SEBARRHC) 22— B HE &1 F
AREFR[6]. FEPATZF RIS, FIFH X SHERLEN, 18I # s FEMAG OE R RME[7]. SR,
KPP o SR A R, I HARME TR AT VAl i ik R BIR YT I o Ib4h, RHC A AT ResE naEO
JIE A B B o AR [ 8] TR, 3RV R R T I sl ik s I e B AR . i, AR L3 O
TWitsh ik E (9], SR, 87 Coal BT (R HERR I D AE AE AR R [ 10]. XTI 30 fik e 1 1 B S92 B A
WEIER e, AT SR ) T B —Fh AR N RN T (58 00 J7 VSR TR A

B B AR KA H 10 (PPG)FE W I 22 Fh AR BE S 4L, 2 O i S 507 TR 7 /1[11]. PPG
S FPARAR NV R B R T & U7V, I ) 2 2R S 4 (500~560 nm)BUARSREE LIS, FF R
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AT BT A 38 5 B S S e 24 OISR AR Bk S I, PPG I IV R A R PR AR 4K, R4 I ) A8 1k
M 2R 12]0 X PR SCAFI 7 (F I ARTR T A 000 A R Re £ & AR BE B [13]. FEl,
TR 2 ST B BRI 7 EROR S h i PPG 140 JSANTRINERf I . Ward 25 A A 3 i 48
AN RIS AR 25 1¥) PPG A5 5 W 7 — 7 FH T 1E 55 0 A A0 5 0 2 R0 VA PR 2 2 7 s, 1
WIRIAF) 92.55% [14]. Lin 25 A A# AR ML K 3 A0 PPG k4 B0 F R 2 )2 BN 2% (MLP) 2 A1 5 72
fiE, ZJTIERT CAX o R R BRI E FE R IR KGR, MER R 200 82.86% [15]. Radha 8 A% T PPG 15
SRR RIS T 4 JEEARIY B 2. BEALGE MBS . BT 2RISR A . R, w2
i LSTM HEARZH A, W3R 2 i 2 B 2R A . 2B R I R AP RE, KE N 76.36% + 7.57% [16].

AR, NARK NS RGELE NGB K i R AN R Beos 7= AR AR A R SR FE 852, 1fi PPG 5 58
EEEENAROMEIEAL ARG E, REEMBHESE EMNERR. A CRE T
FIF e B BRI AR 5 25 A T 2B A & I 28 EAT I S kR 43 28T ik B R R B MR R AL
BRI PPG B 51E M, Hltf 7RG QI S 2 ik o A58 1% H o2 AN R B it 3 ik
&, EAEIEE K ENPP) SIS bk S (EPH) A fish ik s (PH) . PAP TR 73 Sl PR 22
BESLEL(E 1): 1) PPG S5 5 0fIE. SJEEURITIACEE; 2) PAP 5 5 320U R BOKF bR 48 3) &ty
BRI (1) PPG 15 S8 N B AN W AR R BEAT I s 4) BRAFAS TR AS R B B B bk v 1 1 2025 %07
A L S RHC WU 8 2508 ek A 7 VA, ARV R IR B 97.78%. 1% 77 VA PPG 155 523
Bk e R A A2 T, e PAP KRR AL T — MR A BRI iE . R 5T gk it —2
gh, KRBT E SR PAP MEM. (R, R8I A R I 3 PRI

Model . Feature
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Figure 1. System workflow of the research methodology
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BARPHLE N 45 (CNN) & — P ATt 22 2%, 18 B — A2 D4 HZ (Convolutional layer). 4k )=
(Pooling layer) PA & 4= 3%4% /2 (Fully-Connected layer) %541 i . 5 HAMIR BE 5 SJBIAUAR L, A7 00 22 I 28 1 €]
BALBTT A BB NEI. Hd, BRERE TERB AR, AR R RIUR AN AFRE, B2
J2 P 28 BE A ZRFAE Hhas AR BB SR IRFAE . B AE B AR 2 5 219 B 4E LR R IIRHE, k)= 3
BB RUE 5 2 BRIV RAE AT IRARAC R, A S R A A P R, KRR e D) B LA X3, O
BRMEECFIIE, B2 4ERERNORE. T = R A R SRR LS &2 s RRHE, Rk
TR KA.

BRI P4 i DLk, I Vi 2 0 22 S EE R BEAT AR A IR CNN 4% . GoogLeNet #it /e Her —
M, /& Szegedy 1E 2015 SR H TN ZR G MK 4EM)[17]. GoogLeNet 5 AlexNet X ZNAK FEMIA
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3. W\KSLWiRE
3.1, HiEsE

AHF Fi AN PhysioNet ZH 2R 18142 it (1) 2 S B0 e I M (MIMIC) 11 7E 2650040 e HP U 4E 1 250 Sl sk )+
o MIMIC-IT %48 i & — A o SR 3R e 25 R e 122, B3 78 HORE MR 47 = (ICU) R YT IR B AT B3 I A 3
EEMEZANSHICTE. GO ERENMKIME. OHEE. e SRk MshikE /5. @y, X
G5 LA 8 ALk 10 AREFEMY 125 Hz KFE. RAR AN RHC #5105 PAP (55, f8RICE PPG (55

TSI ZR ) PAP ZEAIFRAE 2 M PAP {55 42 BUH R o AR HE tH AUz ik & 2 R 2, Jilish
Jik 7K AR S FCBUE 7 A I bl Bk A8 R o BE AN i R S Al ik v e o b T r PR R B i 0 ik o 1 408
AR PR R, FTIEA—2K. Bk, ABFFEH PAP AN IEE Ik R izl ik & e 5 A0 il
Ak k. 2, LA T 216 sFadsk, H 90 FNIEEMEINKE, 60 2 Nahke kR IH, 66 %A
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Figure 2. Waveform and purpose of the two signals

E 2. AE SRR A AR

3.2. [EEMALE

J55 PPG i (Ef A\ T 256 B 4 I 5 B0 2 T4 1 TALRBE . J5dR PPG 15 5 R85 S 2k
BER% . ANFIRE LR FASZ IS B K A KU Be LR S B BRI, D 1 i KARJR A6 PPG {5 S I
FR, PAT TN AT B BR

5, TR I HEBR A IER AT BRIF K PPG B 1€ 3 R T S IE A HERR BiAN & 3& PPG Fr BUR 7= 1o
WG, BAVEH MATLAB (W< 2021b) 1] 0.5~12 Hz PURY ELARIR e 3 8 ol 2500 AT B8 . X FH T 8RR
THANGE, JFELBR PPG MARMELIERS . feJa, (R HCD - S KIH— 40 PPG {5 5 R IH— LM (0,
1]o AEEH) PPG 5 5BV 30 s Bro |51 4 or 7 HUALEERT G PPG {55 I LLAL.
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Figure 3. Example of (a) appropriate PPG segments. (b) (c¢) and (d) inappropriate PPG segments
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Figure 4. PPG signal before (a) and after (b) pre-processing
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Figure 5. Example of Scalogram of PPG signal after time-frequency transformation
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3.3. \E)IZk

AW T (0 S BORE A A48 40 - CPU S AMD Ryzen5 4600H, GPU A Nvidia GTX, 3247 W AEN 16 G
%9 Windows10 64 17, SHFARAE ST Matlab (3R] T HAH, J5%F GoogLeNet W45 1) 73 41
AT, N T BRI A SR, R0 dropout J2. PIZREIER B W R : MiniBatchSize N 15,
MaxEpochs 24 20, ValidationFrequency 4 10, ASIGHHREER) 75% NIUIZREE, 25%NIllREE, I AREHL
ik
3.4. TN IRER

T VPAG RN = FhAS B Bt B KR (19 73 SRR, 3 DA JLIRE R A S b A Y P AR HE b -
1EHf % (Accuracy, Acc). fBUBME(Sensitivity, Sen). #7514 (Specificity, Spe). & Hffi & (Pression, Pre)fl F1 43
o F1 o BUBERE 1 AR 0 R Gy o X Sy R A LR A kAT &, Hdr, TP (True
Positive) /& 5 IE AU FH HEFEAR A% TN (True Negative) e 48 1IE A 1R 73 B HEFEA A%, FP (False
Positive) & 545 17 R A B PEFEAS AN, FN (False Negative) s 5 485 12 IR BH I FEAS (N4 TP. TN FP.
FN Z FA B RS 55 WM 0 R8O E, ARSI =02, FHIREHFEE 6 s,
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Figure 6. The confusion matrix of indicators for (a) Multiclassification; (b) NPP; (c¢) EPH; (d) PH
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7.5 RIMILVIGRAR B EEPE
Table 1. Results for each classification category from multiple experiments
1. REZNMZENEBN DL LHNGER
SERGIREL 5 Acc Sen Spe Pre F1-score
NPP 100% 100% 100% 100% 1
1 EPH 98.15% 100% 97.67% 91.67% 0.9565
PH 98.15% 100% 96.77% 95.83% 0.9787
NPP 100% 100% 100% 100% 1
2 EPH 98.15% 100% 97.37% 94.12% 0.9697
PH 98.15% 100% 97.44% 93.75% 0.9677
NPP 100% 100% 100% 100% 1
3 EPH 96.3% 85.71% 100% 100% 0.9231
PH 96.3% 86.67% 100% 100% 0.9286
NPP 100% 100% 100% 100% 1
4 EPH 98.15% 92.86% 100% 100% 0.963
PH 98.15% 95% 100% 100% 0.9744
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Continued
NPP 100% 100% 100% 100% 1
5 EPH 98.15% 100% 97.3% 94.44% 0.9714
PH 98.15% 100% 97.37% 94.12% 0.9697
NPP 100% 100% 100% 100% 1
Average EPH 97.78% 95.71% 98.47% 96.05% 0.9567
PH 97.78% 96.33% 98.32% 96.74% 0.9638
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