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Network, Mci 4 AZW)ol S5t Hold 45g woln 7]&9)
89/ 5, WAE/AE 3502 4 d 1u sgse Y deld
2R AZE FAL Lolob] A1) WA A 2

(Language Models; AtAA 02 —'—Kﬂé}f 0,j01‘E X257 st 2xloz
UHSo]Al dejd wdl) E2RARo](Tranformer: LSTM, GRUS &gl
d4Z Attention 7|fHo= 7H A7l delyd z2dl) S 7|E okt 2A
o Bd3 24, JiA, B, ¥y a%2 7189 2Ho] A3 [36]

T %, AFZRSS M g8 A]7] GoogleAte] PaLM, BERT, XLNet,
OpenAIAte] GPT, DALL-Ex Transformer 7|8t Large Language
Model24, AP &1 £ AME Apdo] Ho|Ele} upetulg g 7|¥te g
B8 A, olujA] Y Y Ve AT 4 U siEen ARWHA]
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w57 5489 &A g, o]l wAr AE=n QXKBCE: Binary Cross
entropy), @84 At AMEZ 1 QXHCCE: Categorical Cross
Entropy), $1X] £Al(Hinge Loss)3ts, =4 &A1(Focal Loss) &AISH
So| glck.
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AE AT 7Hg 71240 D97t Hi= Perceptrono] A& A|A]E] o]
Me O oAl Ades JEi &/dst a7t ALE G, 22y ol
A dpgioze wAPA BAL A2 & g TAEC At
olgigt &A= sAst7] Ysl Sigmoid, Softmax, Tanh, ReLU, Leaky
ReLU, Parametric ReLUS9] &3t sh4rt &850 Qitt Adubdo g
Y TAIE B AFES wtgstrl ol ReLUAIES] &/dst I8
AHgstol, Jb iRl Beo] ReLU Aol A} #4s oK

MAE 59| 87 &ua4e} A U9 BAE A,

ps

r

e
Qé:éi} A%t A g3t e AL A
2N
o|xl A 0,2 <0 ReLU
Aol (2) = 1 ELU (2) = {l‘ ,z <0
[N o _1+exp(—x) 1= Sla)= ale"—1),z >0
Tanh e —e % | LeakyReLU
tanh(z) = ———— ()= 0.0lz,z)
sta anh (z) e ata f(z)=max (
AT EUTLA expla;)
AR ETA yk_4 PReLU 7 _{:1: ,x =0
(15N ZGXD (5 )= az, otherwise
ji=1

A54AETY dlolH, 2d, &t &4st d47t 248 sty o
5 U9 Ao Tef AoE Al & o, A dadEe 2Rk FAF
gz MAE 1EASS aAE-o5 &4 AM-oH-IlER £ 14
g wr=sigict. olejst FAsl LueEL sl E(Learning Rate)elt %
2t 2oj7i¥(Hyper Parameter)S Y3 oo} 7IeAlE 285t §=
S SsYAY &0 AASH d1u2]E52 Gradient Descent, Stochastic

Gradient Descent, Adam, Adagrad, RMS Prop & t}9fst stE0] Q)

o
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4. AAE, PR g A

=
= =
(o] S (o]
g, At=5d, a5, ¢

g ! 2y Hopo] =
§ 43 AdE wEsie, AnidE geid Bobt A4 2A ol
o2 ol FOIME WYL AMgstel AU d5sty] Y3t AT P
o thopgt ARALS O3] AXIAE FASHA AAFoIAICE[38] 2 o
T ged wY. AdE YHeNune westo] FUIYS o5
Aolol, Fed WHn 2o NeS BEt] FYL o]5F ATE of

et 2o

20064, Kim et al-& AAE 9 WHGAUD2UE oo} A A7)
AlLtstz] gt 248 e SE FE6to ASAlEY S SR e,
TAAY H5e MR 2Lt v 9l
3 Y gy oF vAdY g RElE F7tR E9 AIZATH[39] Aut
orte] PR VA J1E, 257 Bl o 23
6.31+3.89[mmHg], &% B]AE 3| 22:5.67+3.71[mmHg] 72]11 QI
BAAY B 453371 [mmHelE 2Astel ATUFTY ol5ol
chEdYely educ 9Yse SYstach

2013'd, Mohamed Kachuee et al.2 AHAEe} JHAZAMntz HE o
oA, Ak, FAEAMOLE FESte QAEA
Vector Machine(SVM: Az EHIE] DV\] HAlZdo 4%)S &850
W, QA9 Ho ¥ BALS 7|EC R »F7]: 12.38+ 16.17[mmHg], =7}
711 6.34+8.45[mmHg], 721 FH %Uﬂ?;. 7.52+9.54 [mmHg|E 24
sheitt.[40]

20189 %%, Umit Sentirk et al.

o
R =
M AAIE 585 FE3H9 AeAETS 6L, B A 24k

J1Zz02 2%7] -0.14+2.55[mmHg], &%7] -0.004+1.6S YAt
20189 %, 2 AAL YHE U PRENUG2LE AL g 54
2 Fa%l0] B-LSTM 232 £AN7 BFF AFE ARMSEE +5

_‘|
=
7] 71%& 3.63 [mmHg], &A7|7]% 1.48 [mmHglS 2451

20189 =0 ® Th2 AA} Su et al.& AAE ¥ PHEAmnt2 Hg o
mASEE(PTT), d¥94HR), Z21 ”ﬂﬂ%(Pulse Wave)s 35t
LSTM Edo] &3 AlA F« Alud 71E

2
7] 71% 2.66 [mmHglS 2/ds5tict[4
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201943, Tanveer & Hasan et al.& 7} =

o2 RE YUY JH) 54= i%é}ojl ANN( I ds8Y
o LSTMES E3A1A @AY gFaat 242 571 7Ie 0.01+1.26

[mmHg], 771 7]& 0.001+£0.72 [mmHglE 2735k t.[42]

20199 Ripollat Vellidow A& EQ} A g A uinto] thn} Mok AJ7HS
%319, Restricted Boltzmann machine artificial neural network=-
AN QAte] W@ Mo WAS 2%7] 7|F 4.76[mmHgl, 47| 7]
3.41[mmHg|S Z/dstct. o] d4to] 74, ¥Ao] gloH Aifo =
E]7] ofFohe ©@Alo] QUAT.[43]

ofo F o -|>1v

N
()
—
©
[
2
[@)]
5
&
0]
@
Q_’
o
nZ
2}
H
©
I}
2}
2, oo
2
12
=)
1
=)
=)
mlm
O
o
2
20
o

CIEE *Hk‘f il Di*( M), T2 JAFAEYS —?‘1*]5’4 QAFe] 3§
it F4F 71E 2571 6.53+2.21[mmHg], &77]: 3.
= 275 tt.[44]

2020, Umit Sentirk et al.& AXAEQ} PFMQA WU HE A|A G
At oty JA9] Chaotic 5445 F%E5to] NARX-NN (Non linear
Autoregressive Network with Exogenous Inputs Neural Networks),
A Y(RNN), 28jal LSTMOe g2 o]fojAl A7 =(LSTM-NN)
sto] Qxfo] Wit BARS 2%7] 71E 0.022+2.21 [mmHg], 18]
A7]1 714 0.041+1.21 [mmHg]g 22519t} [45]

=
o=
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Error Results [nmHg]

Year Authors Utilized semsors Methods Filtering/E xclusion Extracted Features / Waves Error Metrics
SBP MAP DBP
Multiple Regressions(LLR) 6314389 NA NA
2006 Kimetal. PPG,ECG Multiple Regressions(NLR) N/A Pulse Transit Time Parameters MAE and Std 5.6743.71 N/A NA
Artificial Neural Network 4.5343.71 NA NA
Support Vector Machine(SVM) el p 12.38+16.17 7.5249.54 6.34+845
D ies 8 Wavelet Denoising, Manual Removement of I
2015 Kachuee et al. PPG, ECG U ble Heart Rate, Blood Pr ‘Values efc. Pulse Transit Time, Heart Rate, PPG Pulse Waves MAE and Std
Artificial Neural Network 13.78+17.46 8.84+11.24 6.86+8.96
2016 Heetal. ECG, PPG Random Forest 'WFDB toolbox for peak/onset detection for ABP and ECG RRL, PTT, RBW, etc. MAE and Std 8.2945.84 NA 4445372
2016 Gaoetal. PPG Discrete wavelet transform, Supervised Learning Wavelet Transformation PPG waveform from phone MAE 510 N/A 46
2017 Kauchee et al. PPG AdaBoost ‘Wavelet Denoising, Dimensionality Reduction Pulse Transit Time MAE and Std 11.17+10.09 NA 5324614
2018 Unmit Sentirk et al. PPG,ECG Artificial Neural Network Discrete Wavelet Transform 22 Time Domain Features from ECG and PPG *ME and Std 0144255 NA -0.004+1.6
2018 Dey etal. PPG Combined 1 ‘Wavelet smoothing, Trend removal, manual exclusion etc. PPG morphological Features, VPG, APG, elc. MAE and Std 69490 NA 5.0+6.1
- (Lasso Regression / Machine leaming Models etc.) d - o8 % YRG, ARG, et 239 0.
2018 Simjanoska et al. ECG Complexity Analysis, ML Butterworth Bandpass filter Complexity Analysis Features MAE and Std 77241022 9.45+10.03 8.1318.84
Atificial Neural Network
2019 Tanveer et al. P:;Gé‘]zhc)g Tunable-Q wavelet transform Morphological Features *ME and Std 0.01+1.26 NA 0.00140.72
LSTM
Linear Regression 14.67+16.94 NA 9.38417.33
2019 ‘Wang etal. PPG,ECG Support Vector Regression Daubechies 8 Wavelet Denoising Pulse Waves MAE and Std 7.09+1.80 NA 3.98+121
Artificial Neural Network 6.5342.21 NA 3.17+118
Eni -1 daly 4yl ual X =2 385 3joro =35} AJ3i o] M1 I
# 4-1 929 ¥y 3 PPG, ECG AIM S &8sto] U2 o5t A d+e9] 45 vl &
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Error Results [mmHg]

Year Authors Utilized sensors Methods Filtering/Exclusion Extracted Features / Waves Error Metries
SBP MAP DBP
Nonlinear Network with Inputs Neural Networks
2020 Omit Sentiirk et al. PPG, ECG (NARXS-NN), Recurrent Neural Network, 5-40 Hz IIR filter, Median filter, Moving Average Beat Calculation Chaotic Time and Frequency Domain Features *ME and Std 00224221 NA 0.041+1.21
LSTM Neural Network(LSTM-NN)
*ME and Std 0.041611 NA 0.18:4.13
2020 Liuetal. ECG, PPG Random Forest Poor PPG signal quality exclusion 15 Features from ECG, PPG Waveform
MAE 589 NA 2.59
*ME and Std 020583 NA 0.02:4.91
2020 Eometal. ECG, PPG, BCG CNN, Bi-GRU 20d order butterworth filter, Outlier Exclution Segmented ECG, PPG, BOG waveform
MAE and Std 1.06:4.04 NA 3334342
*ME and Std 0524422 NA 0.66:2.07
2020 El-Hajj et al. PG Bi-GRU,GRU, Attention Savitzky-Golay filter 22 Features from 7-second segment window of PPG waveform
MAE and Std 2.584335 NA 1.26+1.63
*ME and Std 0114999 0014629 0.03:6.36
2020 Fen Miao et al. ECG Resnet, LSTM Wavelet Dencising Segmented ECG waveform
MAE and Std 7.1049.99 166636 4611629
2021 Athaya etal. PPG U-net Equiripple FIR filter, N“m segments removal, Phase Segmented PPG waveform MAE and Std 3684442 2174306 1.9742.92
. ] Chebyshev II bandpass filter (0.5~10Hz) , Butterworth(0.5-40), 12 Morphological features from PPG, 7 Morphological features from ECG,
2021 Yang et al. PPG, ECG Hybrid Model with 3 CNN Blocks Ncighboring Peal Physical e MAE and Std 4.4316.09 NA 323475
2023 Zhang et al. PG CFR High Pass filtering with 40Hz BPM, SDNN, RMSSD, B elc. MAE 29 NA 176
*ME and Std 0.028:6.81 0.69+4.52 0034432
*ME and Std
(After Calibrtion) 0017+4.09 0.00942.62 0.003+3.01
2023 Our Work PPG, ECG ResNet Oullier Exclusion, Auto Encoder Anomaly Threshold Exclusion Segmented ECG,PPG Waves
MAE 464 318 2.96
MAE
(Afer Calibration) 254 152 17
— _ - = —
* 4-2 923 ¥ % PPG, ECG AIM & i
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SHIAA(SF7], 7], ), 255 9 1671 HolHz F/dEof glo
o, Al Ale o FEQ tojEl= 7719 AAE, U, Atanste
o dlojH = g Eof ot Held 2H st5E o= 20184 44
WE 20184 997xle] 98%e] oF 5063417 Zoje] Azt E7latel o]
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oigt 108 Zolo] A AE 807HZ. & 7740709 A% 7|2 ClolE = o]
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Fon, Hdajd ndll AA|, s, Ay B2 Python9 Tensorflow %
Keras eto]Eej2] & &-&5}%t.[46](47][48]

1.1 glojg9] 7jQ % E4

A4 ARl Az ohe dlolEet X9 HlolH &, & ﬁw‘LOﬂ -85 fo]
Be A oy, 484N, £57]/2747]/8+ 5% S $A0]
o Z& HolgHe &4 Wk BtRo] 574 A[ZH(Time Stamp)Ol Bl
o] 9tk AME mEo] HL V2 ECG Lead m@o] 240Hz0] 57 ¥l
g 24 EHeloy, dAE *”ﬂlﬂr%ﬁ 60Hz=2 47 =0t HlolE 7o
+ FAEAMLYo] A% A Ae Iy 7= AL =2 58 vEd
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ECG Waveform Sampling Rate: 240Hz
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1.2 giojgle] £&, & 4 ALlA 2] 7|&

glo]8 - MATLAB(Mathworks Inc., USA) Z& 7282 o] &
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(@]
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Numeric Iteration

Next
. Patient
~ PID Waveform Iteration
V\Ii:\;ei:::m 1| Escape loop
! _If the file is an alarm file @ %
@ ' 1f the signal/label is missing = == e

! .

; - If signal is missing or has nan values Datastore Exception Step

~ Check Alarm files,
- 7 missing signals

/ SBP,MAP,DBP measured at
every 2 seconds (0.5 Hz)
from Numeric files

Extract time stamp, . Next
ECG ang PPG p Time match a}d Concatenate I—b| Export Datasets m;:'

waveforms

Segmentize signals to 2 seconds
(120 samples)

i

sampling rate matching J| Timestamp, ECG, PPG on a same
(Down sample to 60 Hz) ' timescale index

Last PID

extracted +

13 11 gojy & €13 ek
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Histogram of Numeric SBP values
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Histogram of Standard Deviation between 3 Numeric ABP values
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Histogram of Standard Deviation of PPG in 2s segment
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Histogram of Maximum and Minimum PPG value in 2s segment
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2. Time Distributed Auto Encoder 23
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Included Training
Dataset

4,801,022 Samples of ECG and PPG segments

Autoencoder Dataset 2000 !
utoencoder Datase samples |:| Dataset for Resnet Training i
//' ‘\‘ \\ [ Dataset for Auto Encoder Training i
// \ ™ ] Dataset Excluded i
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Training and Evaluation P
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Training Dataset Threshold Decision Dataset
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_31_




3.3 Auto Encoder 2@ st&
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Loss and Validation loss of Auto Encoder Model
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MSE results of Auto Encoder on clean set
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3.5 ResNet 84 2 A= 2 dlo]g
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1e6 Auto Encoder Cleaning on Training Set
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Enrolled Patient Dataset from
Intensive Care Unit (ICU)
Asan Medical Center Seoul

2018.04 ~2019.03

Excluded Segments
Based On Criteria of:

- PPG waveform standard deviation
- ECG waveform standard deviation
- PPG waveform Minimum/Maximum
- ECG Minimum/Maximum
- Standard deviation of 3 Numeric
Blood Pressure values
- Detected Peak Ratio between
PPG and ECG waveforms
- 40<Systolic Blood Pressure<200
- 0<Mean Arterial Pressure<200
- 0<Diastolic Blood Pressure<200

4,312,905 Segments

|

l

Deep Learning Model
Training Set
(191 patients)
2018.04 ~ 2018.09

Deep Learning Model
Evaluation Set
(98 patients)
2018.10 ~2019.03

Segmented Training set

9,113,927 Segments

Segmented Evaluation set

2,229,689 Segments

Auto Encoder
Training, Threshold Decision
Dataset

Included Dataset

4,801,022 Segments

Included Dataset

1,550,529 Segments

Excluded Segments
Based On Criteria of:

- PPG waveform standard deviation
- ECG waveform standard deviation
- PPG waveform Minimum/Maximum
- ECG Minimum/Maximum
- Standard deviation of 3 Numeric
Blood Pressure values
- Detected Peak Ratio between
PPG and ECG waveforms
- 40<Systolic Blood Pressure<200
- 0<Mean Arterial Pressure<200
- 0<Diastolic Blood Pressure<200

679,160 Segments

2,000 Samples

Excluded Segments
Based on Autoencoder

Resnet Training Dataset

4,799,022 Segments

Resnet Evaluation Dataset

1,550,529 Segments

Cleaning Process
679,160 Segments

23 32 flo[gf Aloj oot M| A2 3 Zd A

Resnet

4,433,218 Segments

Auto Encoder Cleaned Dataset Auto Encoder Cleaned Dataset

Resnet

1,476,346 Segments

Excluded Segments
Based on Autoencoder
Cleaning Process
74,183 Segments
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Evaluation Dataset
for calibration

1,435,092 Segments

Excluded Segments
Based on Criteria of:
Records Shorter than 30
Segments(1 Minute)
41,254 Segments




4. ResNet H3jd 2&

4.1 ResNet 239] 7]Q U 11X
LeCun et al.o] 9Js} A& Aot=l CNN x9o] da|y
o, JAZAZTol BEZ 7Ieol A& ol ¥

R = Olﬂlxl EA
e atdoz A5k '3 Ao CNNY 54 27]0dls 47
2 A A oA 2R RARS UM Sl W2 d+-s0l
SOt o]% Li et al.of ofsli ®Oigh o onjx|28Y shad Rz
2 452 Eol= ImageNet[28]0] AAHHA FA} AT, 2o,
+A25 A g w2id BHlo]l SA%en 1 5 oot B2id
d5 Bl tigloA FHold des Hole o A2 AT =, dFe
ReLUg 49| ARE, Inception 259 AME2 AAC= oF oot He2i'd
niio] tfe] 4¥dEe ARRlstReh. 22y, thfeh ASoA AEEe

2! S
2018 2 WESS Aol BT HEsiA A4S Yol 23
3 Foltx Aol HuEw, oj2fgt A5 A5te] @Qlo] 'Vanishing
Gradient Problem’o]] QIt}= 712 ¥}t Vanishing Gradientt,
9oo] Aeiut £ Ao adumel AFmE AAWste wao] FhEA|et
Hate AAsts abgold, Ree] Zolst Ye Zlo] wduel oimutel
Qareio] oAl @AS ot [51]

ResNet2 ™2 o]2{3st Vanishing Gradient =A|S sfZ2st7] 5l He et
al.o] Residual BlockS &r85}o] sjZst dajy molo|r},

X
X l
l FX) [ Convolution Layer ]
[ Convolution Layer ’ ReLU Identity X
ReLU { Convolution Layer J
[ Convolution Layer 1 '

| ot}

H(X) H(X) = F(X) + X
T3 33 Plain Layers®] & 2] 34 Residual Blocke] 7&

_38_



Residual Block®] Skip Connection®] SAto g &2 g|o]ojo| o|A g
olole] HRE AAFoRH JE0] F&A AL BESIN e YU

121gt 7|52 = <Qlsl ResNeto] 2fo]oj=
Al7darolol| = S5 151l Gradient Vanishing
LTt ResNet WHl2 CheFel djjglof|Af 19
S AMA]sHH, o]F ResNetQ] ofolrjoj& &85t mellso] mpAE|Qir.

152 Layero]2f= 0Uf

o
T
(o3} SEAX O SsHgF A
Qo] &g AT 4

4.2 ResNet 2@ st
2 ool 25k o]n]x|E BAs] 9J3t ResNetmslo] a4l 7}
FE Agsto] XY 4d=29t 1XFY Convolution block % Skip
Connectiong AL35t0] a8 AA519CE Convolution Block Apo]Q]
2/det et Dying ReLUAAS HAI5H] {45t0] LeakyRelLU &/dst
g2 Algslgion], we stau T wst TAEe sidsty] 9
= gatsict
(]

2
f”lo wx

19

(e}
B APE 1AHY AEE U¥os @

N
=1
(o=
S

Ol'

BatchNormalizations -85}
o =4 deld ZRolrlof, 4= ©A, Convolution blockoj] o]0
Flatten Layer?} Dense LayerZ2 &35 @Y 2 o|&ste= AAISHY
ct.

welo) o

5190, £7] 552 0.00012 AJAtsto] Reduce Learning Rate on
Plateau 23] 7|52 A-25to] S}5ES ZaAZITh HjA|Alo] 52 2560
2 AXsto] FWUIY ¥ ResNet2®3 717} sty Al7iCon, 120 Epoch
ot 7ja e A 17

_39_



= 3 &7
Y FHo W IS olF Aol vlol F2 FFS B OetA £ AT
ML 2%E7]2 71202 ResNet 2do]| fsto] sfo] B EY
d 2

8
o mtetulelg Aol HEL Yo
$. 257 ENPY A5 Hsol M Fe wdg Mystel, =yvie
_ﬁé

F 59 2Y o5 U DAL MEATt
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Calibration by preceding 2 samples, MAE: 12.05

Calibration by preceding 3 samples, MAE: 0.94

Calibration by preceding 4 samples, MAE: 0.81

Calibration by preceding 5 samples, MAE: 0.8

125
5000 —— Calibrated Estimation SBP
~— Ground Truth SBP 115
- Calibration Window 120 115
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Calibration by preceding 6 samples, MAE: 0.79
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Calibration by preceding 7 samples, MAE: 0.8
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Calibration by preceding 8 samples, MAE: 0.81
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Calibration by preceding 9 samples, MAE: 0.82
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BHS(British Hypertension Society) & @ &4 AR 245 2 E X
1t AAMI(Association for the  Advancement of Medical
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BHS standards Grade A Grade B Grade C Grade D

<5 mmHg 60% 50% 40% The presence of any cumulative

<10 mmHg 85% 75% 65% s it betom crade C

<15 mmHg 95% 90% 85% threshold signifies as Grade D
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Model Performance SBP MAP DBP

R 0.945 0.949 0.933
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MAE 464 318 296
RMSE 6.8 457 433
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B 5W FY o5 29 BE ASF 7
& Z2EZ Oiste] Al 7HX] oF 29 2% 58

= & stlon, mxpe] of tiet 7|E EF st
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1.3 Correlation A Zu}

Estimated Blood Pressure

Correlation Plot between Ground Truth and Estimated SBP

Correlation Plot between Ground Truth and Estimated MAP

Correlation Plot between Ground Truth and Estimated DBP
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1.4 Bland-Altman ¥4 Za}

Estimation - Ground Truth BP

Bland Altman Plot on Systolic Blood Pressure

Bland Altman Plot on Mean Arterial Pressure

Bland Altman Plot on Diastolic Blood Pressure
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2.3 Correlation 24 Zu}

Correlation Plot between Ground Truth and Estimated MAP

Correlation Plot between Ground Truth and Estimated SBP

Estimated Blood Pressure
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2.4 Bland-Altman ¥4 Z3}

Bland Altman Plot on Systolic Blood Pressure

Bland Altman Plot on Mean Arterial Pressure

Bland Altman Plot on Diastolic Blood Pressure
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JE X = (Abstract)

The blood pressure is one of the essential vital signs for the
ongoing health management across all ages, genders, and health
statuses. Notably, arterial blood pressure measurement is applied
in the critical patients for it is a critical indicator for assessing
prognosis. The arterial blood pressure measurement offers
continous and precise readings but the invasive nature of the

method remains limitation.

From the traditional blood pressure methods wusing physical
mechanisms to recent methods using deep learning methods,
challenges to address the limitation of such methods has been
undertaken. In our study, we developed a deep learning model to
predict numeric arterial blood pressure from electrocardiographic
and photoplethysmographic waveform. The calibration method
was applied to the reliable estimations from the deep learning
models, significantly enhancing their performance to reach a
very high level.

The extracted data was derived from 191 patients who had been

managed at Intensive Care Unit, Asan Medical Center Seoul. The
training and test sets for the deep Ilearning model were
segregated by different time period. A ResNet model, based on a
convolutional neural network and commonly used in similar
studies, was trained using data cleaned via an Auto Encoder
model. Minimal processing was applied on the signals such as
signal segmentation and down sampling. This model performed
broad range of predictions on systolic, diastolic, and mean
arterial blood pressures derived from the patient monitor. The
Auto Encoder cleaning process significantly lightened the manual
task of data exclusion. Additionally, it allowed for the subjective
assessment of low-quality and normal signal classifications to be
objectified through the use of a deep learning model.
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In utilizing the medical device to the «clinical wuses, the
calibration method enhances measurement accuracy. The ResNet
blood pressure estimation model received graded ‘A’ based on
the BHS(British Hypertension Society) standards, and met all
criteria based on AAMI(Association for the Advancement of
Medical Instrumentation) standards. In the study, the
performance of the ResNet deep learning model before and after
calibration was quantitatively evaluated. The mean and standard
deviation of the error between the predicted and actual blood
pressure values were significantly reduced when wusing the
calibration method reduced from SBP: 0.028+6.81, MAP:
0.69+4.52, DBP: 0.03+4.32 to SBP:0.004+4.36, MAP: 0.003+2.78,
DBP: 0.003+3.08. As performance improves after applying
calibration, it is expected that the generated deep learning model
can be applied to various cohorts.

This study is limited to a single institution and a single
ethnicity. In order for the developed deep learning model to be
applied in practice, external validation of external institutions and
multiple countries is essential. In addition, as recent studies
suggests blood pressure measurement methods wusing fewer
sensors, comparative verification of the simplicity of the deep
learning method and the stability of prediction performance is
necessary.

In summary, this research outlines a more pragmatic
methodology by employing a straightforward approach that
incorporates the AutoEncoder signal quality classification, the
ResNet deep learning model, and a calibration method. This
research highlights its potential applicability across diverse
patient groups, as it shows that invasive arterial blood pressure
values can be non-invasively and continuously predicted using
electrocardiographic  and  photoplethysmographic = waveform.
Furthermore, the ability to predict blood pressure with higher
accuracy after correction underlines its clinical significance.
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