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Abstract

Background: For the noninvasive assessment of arterial stiffness, a well-known indicator of arterial aging, various features
based on the photoplethysmogram and regression methods have been proposed. However, whether because of the existing
characteristics not accurately reflecting the characteristics of the incident and reflected waveforms of the photoplethysmogram
or because of the lack of expressive power of the regression model, areliable arterial stiffness assessment technique based on a
single photoplethysmogram has not yet been proposed.

Objective: The purpose of this study isto discover highly correlated features from theincident and reflected waves decomposed
from a photoplethysmogram waveform and to develop an artificial neural network-based regression model for the assessment of
vascular aging using newly derived features.

Methods: We obtained photoplethysmograms from 757 participants. All recorded photoplethysmograms were segmented for
each beat, and each waveform was decomposed into incident and reflected waves by the Gaussian mixture model. The 26 basic
features and 52 combined features were defined from the morphological characteristics of the incident and reflected waves. The
regression model of the artificial neural network was devel oped using the defined features.

Results: Incorrelation analysis, the features from the amplitude of the reflected wave and the skewness of the photopl ethysmogram
showed arelatively strong correlation with the participant’s real age. In the estimation of real age, the artificial neural network
model showed 10.0 years of root mean square error. Its estimated age and real age had a strong correlation of 0.63 (P<.001).

Conclusions: This study proved that the features defined from the reflected wave and skewness of the photoplethysmogram
are useful to assess vascular aging. Moreover, the regression model of artificial neural network using these features shows the
feasibility for the estimation of vascular aging.

(IMIR Med Inform 2022;10(3):€33439) doi: 10.2196/33439
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: known that arterial stiffnessincreaseswith aging because of the
Introduction change of arterial composition and the reduction of arterial

Arterial stiffnessis one of the major factorsto clinically assess  €lasticity [2]. Therefore, it is possible to objectively grasp the
the risk of cardiovascular disease [1]. Hemodynamically, it is 20INg status of arteries through arterial stiffness. An increase
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in arteria stiffness indicates the aging of blood vessels, while
a decrease in arteria stiffness indicates the health of blood
vessels [3,4]. In previous studies, the assessment of arterial
stiffness was conducted with features or blood pressure values
extracted from continuous blood pressure waveforms [5-9].
Murgo et a [5] observed continuous changesin arterial stiffness
with age using the augmentation index (Alx), which is defined
asthe percentage of central augmented pressureto central pulse
pressure of the blood pressure waveform. According to a study
by McEniery et a [7], it is possible to accurately measure
arterial stiffness using the Alx calculated from aortic blood
pressure waveforms, but it is reported that Alx is a sensitive
marker only for those under 50 years of age. In the assessment
of arterial iffness with Alx, continuous blood pressure
waveforms must be measured in an invasive way. Thus, it puts
aburden on the patients and is difficult to measurein daily life.
Antza et al [9] classified the presence or absence of early
vascular aging from the blood pressure data using the machine
learning method of random forest. However, Antza et a [9]
only determined the presence or absence of vascular aging but
could not explain the continuous process of vascular aging.

Photoplethysmogram (PPG), which is a noninvasive optical
measuring technique of blood volume changesin microvessels,
was also used to assess arterial stiffness. In the PPG waveform,
the systolic phase and the diastolic phase repeatedly appear,
corresponding to the cardiac systole and the cardiac diastole.
The systolic phase indicates an increase in vascular blood
volume, and the diastolic phase indicates a decreasein vascular
blood volume [10]. Millasseau et a [11,12]addressed that the
PPG waveform is formed by the superposition of the incident
wave and the reflected wave of the blood pressure. Theincident
wave is generated by cardiac systole, and the reflected waveis
generated by impedance mismatch at arterial bifurcation points.
Dawber et a [13]also analyzed how the shape of PPG waveform
changes according to the increase in arteria stiffness due to
aging. They found that as aging progresses, the diacritic notch
of the PPG waveform gradually disappears and the returning
time of the reflected wave is shortened. Therefore, their study
showed that changes of the PPG waveform could be used to
evaluate arteria stiffness. Millasseau et al [14,15] derived the
stiffness index (SI) based on the time difference between the
systolic and diastolic peaks of PPG, and reported that Sl has a
significant difference according to vascular aging. Further,
Yousef et al [16] calculated thereflection index (RI) astheratio
of PPG's systolic amplitude to diastolic amplitude and showed
that RI significantly increased with age. However, the Rl and
Sl introduced in both studies are obtained from the summed
waveform of the incident and reflected waves of the PPG,
despite the concept being derived from the individual incident
and reflected waves of the PPG. Therefore, these features cannot
be said to accurately reflect the incident and reflected wave
characteristics of the PPG and may be influenced by other
external factors. Park et al [17] used the wave decomposition
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method to define features and develop the vascular assessment
model in their study. They decomposed a PPG waveform into
an incident wave and areflected wave and defined featuresfrom
the waves, directly reflecting the incident and reflected
characteristics of PPG. They then confirmed that the defined
features had a higher correlation with age than Rl and S| and
developed aregression model for vascular aging assessment.

In recent studies, machine learning techniques have been
introduced to evaluate arterial stiffness. Dall’Olio et al [18]
created a convolutional neural network (CNN)-based vascular
aging assessment model, which used the PPG raw signal
measured by smartphone as an input. Their CNN-based model
showed similar performance to the existing PPG feature-based
model, and it verified that the machine learning models have
the possibility of vascular aging assessment with input data
measured from awearable device. Chiarelli et al [19] estimated
the actual age of participants from PPG and el ectrocardiogram
(ECG) measurement, using adeep convolutional neural network
(DCNN) model. Their DCNN model showed the result of
7-year-old root mean squared error (RM SE), which hasahigher
performance in vascular aging estimation than the
PPG-feature-based multiple regression and artificial neural
network (ANN) models.

The purpose of this study is to develop a new vascular aging
assessment model using the PPG, which could be noninvasively
and easily measured in daily life. In particular, unlike the
existing PPG-based vascular aging estimation studies, we
decompose the incident and reflected waves of the PPG
waveform. New highly correlated features are then explored
for vascular aging assessment from the decomposed PPG waves.
Lastly, an ANN-based regression model with excellent nonlinear
estimation performanceis applied to estimate vascular aging.

Methods

Data and Ethical Consider ations

Data were obtained from a total of 1000 patients who were
scheduled for elective surgery (thyroid, breast, or abdominal)
from July to September 2015 at Asan Medical Center. Through
cross-checking of two researchers, 17 participants with loss of
signal and 226 participants with indistinguishable PPG
waveforms were excluded from the analysis. As aresult, data
from atotal of 757 participants were used. Table 1 shows the
summarized characteristics of 757 participants included in the
analysis. The PPG waveform was obtained using a pulse

oximeter (E-KIT; KTMED, Co Ltd), and the PPG Probe was
placed between the nasal column and the nasal septum as a
transmit type. Signalswererecorded at 125 or 250 Hz sampling
frequency for 5 min. Data acquisition was performed after
obtaining approval from the Asan Medical Center (Songpa-gu,
Seoul, South Korea) Research Ethics Committee (IRB
N0.2015-0104).
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Table 1. Characteristics of patientsincluded in the analysis (N=757).
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Category Values
Sex, n (%)
Mae 348 (46.0)
Female 409 (54.0)
ASA P n (%)
PS1 450 (59.4)
PS2 277 (36.6)
PS3 30(4.0)

Weight (kg), median (range)
Height (cm), median (range)
BMI (kg/mz), median (range)
Age (years)b, n (%)

0-29

30-39

40-49

50-59

60-69

70-79

80-89
Social characteristics

Smoking

Alcohol
Medical history (multiple answer s possible) , n (%)

Hypertension

Diabetes mellitus

Pulmonary disease”

Renal disease?

Hepatic disease®
Neurologic disease’

Others?

61.8 (54.1-69.4)
161.6 (155.7-168.0)
23.5(21.3-25.9)

10(1.3)
61(8.1)
168 (22.2)
215 (28.4)
177 (23.4)
108 (14.3)
18 (2.4)

111 (14.7)
240 (31.7)

213 (28.1)
90 (11.9)
15 (2.0)

5(0.7)
23(3.0)
8(11)

16 (2.1)

8ASA PS: American Society of Anesthesiologists Physical Status((1) anormal healthy patient, (2) apatient with mild systemic disease, and (3) apatient

with severe systemic disease).
PThe median age is 56 years, with arange of 46-65 years.

®Pulmonary disease: asthma (7), emphysema (1), bronchiectasis (1), chronic obstructive pulmonary disease (5), and old tuberculosis (1).

dRenal disease: chronic kidney disease (2) and end stage renal disease (3).

®Hepatic disease: hepatitis B virus (11), hepatitis C virus (2), and liver cirrhosis (10).

*Neurol ogic disease: stroke (1) and cardiovascular accident (7).

90thers: angina (12), carotid artery stenosis (1), iron deficiency anemia (1), hyponatremia (1), and intracranial hemorrhage (1).

Preprocessing

The measured signal wasfiltered using afiniteimpul seresponse
bandpassfilter having a0.5-10 Hz passband, and then the pulse
onset (ie, the start point of the waveform for each pulse) was
detected (Figure 1). Based on the detected pulse onset, each
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participant’s PPG was divided into pulsesto generate segments.
At that time, an arrhythmic waveform with an irregular PPG
interval or amplitude, or an abnormal waveform with a
maximum diastolic amplitude (DIApey.amp) greater than the
systolic maximum amplitude (SYS,ee-amp), Was excluded from
theanalysis. Since the number of samplesfor each segment was
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different due to the nonuniform heartbeat interval for each
participant, linear interpolation was performed so that each
segment had the same number of samples (ie, 1000). Since the

Park & Shin

PPG amplitude measured from each participant hasan arbitrary
value, it was converted to the value between 0 and 1 using the
min-max normalization method.

Figure 1. Characteristics of the original PPG, incident and reflected waves, and reconstructed PPG for deriving candidate features. DIA: diastolic;
INC: incident wave; INF: inflection point; OPPG: original photoplethysmogram; PPG: photoplethysmogram; REF: reflected wave; RPPG: reconstructed

photoplethysmogram; SY S: systalic.
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From the waveforms before and after the decomposition of the
Features

The features for vascular aging assessment consist of a basic
feature defined from the specific points of the waveform before
and after the decomposition of theincident and reflected waves
of the PPG and a combined feature generated by combining the
basic feature. Gaussian mixture model [20] was used for PPG
waveform decomposition. Figure 1 shows that through
waveform decomposition, each PPG segment was divided into
two partial waveforms, one incident wave, and one reflected
wave. The evaluation of the appropriateness of the PPG
waveform decomposition was performed by calculating the
correlation coefficient between the reconstructed PPG and the
original PPG and comparing the decomposed waveform feature
points. In the verification process, only those segmentsinwhich
the correlation coefficient between the PPG waveform
reconstructed from the decomposed incident and refl ected waves
and the original PPG was 0.9 or more, and the amplitude of the
peak of the incident wave (INCpey.amp) Was greater than the
amplitude of the peak of the reflected wave (REF pegicamp), Were

used for analysis.

https://medinform.jmir.org/2022/3/e33439

RenderX

incident and reflected waves of the PPG, 26 basic featureswere
generated for the devel opment of the vascular aging estimation
model. Table 2 shows the features that are defined as follows:
12 features from the amplitude and time of the maximum peak,
and total area, total time, skewness, and kurtosis in each
waveform of the incident and reflected waves; 3 features from
the amplitude, time, and area under the inflection point where
theincident wave and the reflected wave intersect; and 3 features
from the area, skewness, and kurtosis of the PPG reconstructed
by combining the incident and reflected waves. In addition, 8
features were defined from the feature points indicating the
amplitude and time of the systolic and diastolic peaks, the total
area and time, and the skewness and kurtosis of the original
PPG before the decomposition of the incident and reflected
waves. Textbox 1 shows 52 combined features, which were
defined as ratios or differences of the 26 basic features after
dividing them into time-related features and amplitude-related
features. A total of 78 candidate features were generated to
develop a regression model for ANN-based vascular aging
estimation. All preprocessing and feature extraction processes
were performed using Matlab 2018b (Mathworks).
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Table 2. Basic features defined from incident and reflected waves, first inflection point, reconstructed PPG?, and original PPG.
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Pulse type and feature Definition
Incident wave
INC P peck-amp Amplitude of incident wave's peak
INC grea Areaof incident wave
INC peak-time Time of incident wave's peak
INC time Time period of incident wave
INC gaw Skewness of incident wave
INC gurt Kurtosis of incident wave
Reflected wave
REF © peck-amp Amplitude of reflected wave's peak
REF gea Areaof reflected wave
REF peak-time Time of reflected wave's peak
REF {ime Time period of reflected wave
REF gew Skewness of reflected wave
REF urt Kurtosis of reflected wave

First inflection point

INF 9 peck-amp
INF peak-time
INF qea
Reconstructed PPG
RPPG € yea
RPPG gew
RPPG st
Original PPG
Sy Sf peak-amp
SYsS peak-time
DIAY pesi-amp
DIA pesk-time
OPPG " yea
OPPG {ime
OPPG gy
OPPG 1t

Amplitude of first inflection point

Time of first inflection point

Areaof first inflection

Area of reconstructed PPG

Skewness of reconstructed PPG

Kurtosis of reconstructed PPG

Amplitude of systolic peak
Time of systolic peak
Amplitude of diastolic peak
Time of diastolic peak
Areaof origina PPG

Time period of original PPG
Skewness of original PPG

Kurtosis of original PPG

3PPG: photoplethysmogram.

BINC: incident wave.

°REF: reflected wave.

dINF: inflection point.

®RPPG: reconstructed photoplethysmogram.
fsys: systalic.

9DIA: diastalic.

hOPPG: ori gina photoplethysmogram.
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Textbox 1. Combined features derived from the basic featuresin the spatial, temporal, and spatiotemporal domains. INC: incident wave; REF: reflected

wave; RPPG: reconstructed photoplethysmogram; SY S: systolic; OPPG: original photoplethysmogram.

Domain and feature

Spatial

INC%eak-amp/INCarea

b
INCpeak-amp/REF  peck-amp
INCpeak-amp/ REF area
INCpeck-amp/RPPG area
INCree/ REF peck-amp
INCy e/ REF area
INCoed/ RPPGarea
REF peck-amp/REF area
REF peck-amp/RPPGarea
REF 36/ RPPGyrea
INCpesk-amp—REF peak-amp
INCqeREF area
SYS seak-amp~! NCpeak-amp

Sy Speak—amp":eEFpeak—amp

Temporal

I NCpeak—ti me/ INCtime

| NCpeak—ti me/ REFpeak—ti me
I NCpeak—ti me/REFtime

I NCpeak—ti me/ OPPGeti me
INCtime/REFpeak-time
INCiime/REFtime

I thi me/ OPPGti me
REFpeak—ti me/REFtime
REF peak-time/ OPPGtime
REF i/ OPPGiime
REFpeak-ti me—! Ncpeak-ti me
OPPGjme Ncpeak—ti me
OPPG{meREF pesk-time

Spatiotemporal

INCpeak-amp/! NCpeck-time
INCpek-amp/!NCime
INCpeak-amp/REF pesk-time
INCpezk-amp/REFtime
INCpezk-amp/OPPGrime
INCarea/INCpesk-time
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e INC4edINCiime

* INCared/ RE':peak-ti me

* INCareo/ REFiime

e INC4ed/OPPGiime

. REFpeak—amp/ INCpeak-time
. REFpeak—amp/ INCtime

. REFpeak-amp/ REF peak-time
. REFpeak-amp/ REFtime

+  REFpeak-amp/OPPGiime

+  REF4edINCpesk-time

* REF aredlINCiime

® REF e/ REF peak-time

e REFzedREFtime

e REF4edOPPGiime

o RPPGg/l NCpeak-time

e RPPG4/INCiime

e RPPGge/ REF peak-time

e RPPG4e/REFiime

e RPPG4e/OPPGime

Artificial Neural Network Regression Model

In this study, since the actual age of participants is estimated
based on various features extracted from their PPG, we used
the ANN model, which is frequently used for nonlinear
regression with independent features. Table 3 shows that an
ANN-based regression model for estimating vascular aging was
developed and evaluated using the parameters of various
conditions. As a result, the model showing the optimal
performance was found as indicated in bold. Figure 2 shows
that the devel oped ANN-based regression model consists of an
input layer, ahidden layer, and an output layer. The input layer
consists of 78 nodes that receive the features defined by the
PPG asinputs. The hidden layer consists of asingle layer with
128 nodes. The output layer consists of a single node that
outputsthe age of the participants estimated through calculation
in the hidden layer. Rectified linear unit was used as the
activation function [21]. Dropout, which removes hidden layer
nodes at acertain rate, was applied with the dropout rate of 0.5.

https://medinform.jmir.org/2022/3/e33439

Adam optimizer and learning rate of 0.001 were appliedtotrain
the model.

A leave-one-out cross-validation (LOOCV) was used for the
development and testing of the ANN-based regression model.
In LOOCYV, the entire data was divided into one test set and the
rest assigned to the model development set. The model
devel opment set was divided into atraining set and avalidation
set at aratio of 8:2 with the same age distribution of participants.
After training the model with the development set, the model
was evaluated with the test set, and this process was repeated
as many times as the number of data, so that all datawere used
for the model evaluation. The final performance of the model
was obtained by averaging each evaluation result. Theregression
performance of the devel oped model was represented as RM SE.
The ANN-based regression model proposed in this study was
developed using 2.90 GHz Intel Core i7-10700 processor, 64
GB 1,333 MHz DDR4 RAM, NVIDIA Geforce RTX 2070
Super, Python 3.6.7: Anaconda, and Tensorflow 2.3.0.
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Table 3. Different values of hyperparameters for ANN®based regression model for the estimation of vascular aging. Bold type indicates the

hyperparameters for the optimal model.

Parameter Value

Input Layer Nodes 78

Output Layer Nodes 1

Hidden Layers Number 1234

Hidden Layer Nodes 64 128 256 512 1024
Activation Function Rel UP

Dropout Probability 00.10.305

Kerndl Initializer He_uniform

Loss Function MAES

Learning Rate 0.01 0.005 0.001 0.0005 0.0001
Optimizer scDY%dam

Early Stopping Patience 3050

Input Data Scaler Standard Robust

8ANN: artificial neural network.
bReLU: rectified linear unit.
°MAE: mean absolute error.
dSGD: stochastic gradient descent.

Figure2. Architecture of the optimal version of the ANN-based regression model devel oped in thisstudy. ANN: artificial neural network; INC: incident
wave; OPPG: origina photoplethysmogram; RPPG: reconstructed photopl ethysmogram.

J"Ncpe ak-amp

INC

area

RPPGarea/OPPGthe

Input Layer
(78 Features)

Statistical Analysis

The Pearson correl ation coefficient was cal culated to investigate
the relationship between the participants’ actual age and each
feature, which was defined from the waveforms before and after
the decomposition of PPG into theincident and reflected wave.
The RM SE and coefficient of determination of the age estimated
by the ANN-based vascul ar aging estimation model, which was
developed with all the PPG features defined in this study, were
calculated. In addition, using the estimated age and the actual
age, ascatter plot and aBland-Altman plot were made and used
to analyze the model's estimation performance.
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Results

Correlation Analysis

The results of the correlation analysis between the actua age
and the PPG features are asfollows. The correlation coefficient
between the actual age and the basic features, which is defined
from the original PPG, the incident and reflected waves
decomposed from PPG, and the reconstructed PPG, is shown
in Table 4. The reflected wave and the reconstructed
PPG-related features showed a high correlation with the actual
age. Among the reflected wave and reconstructed PPG features,
REF jeak-amp REFzer RPPGge,, and RPPGgq, showed a
correlation greater than a weak correlation (|R|>0.3), and their
correlation coefficients were —-0.42, -0.45, and -0.45,
respectively. However, most of the features defined from the
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incident wave and the first inflection point showed avery weak
correlation or did not have significant correlation with age.
Among the features defined from the original PPG signal, the
features using the diastolic peak or skewness feature of the PPG
waveform showed a high correlation with age. The features
showing the highest correlation in each type of pulse were
SYSsea-timer DI Ages-amps @d OPPGgq,,, and their correlation
coefficientswere 0.27,-0.39, and 0.41, respectively. Individual
features showed a high correlation with age in the order of
REF ;e REFpeak.amp @d OPPGgyg,, and their correlation
coefficient values were —0.45, -0.42, and 0.41, respectively.
However, INCpeek amp REFimer INFarear RPPGyrt, SYSpeck ampr
OPPG,4e, and OPPG,,; showed no statistically significant
correlation with the actual age, and their P valueswere .10, .51,

https://medinform.jmir.org/2022/3/e33439
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.28, .23, .52, .12, and .05, respectively. Table 5 shows the
correlation between the actual age and the combined features
created by the combination of the basic features. In comparing
the amplitude domain feature and the temporal domain feature,
some features in the spatial domain feature showed more than
aweak correlation (JR[>0.3) with the actual age, but most of the
temporal domain feature showed no correlation or only a very
weak correlation (|R|<0.3) with the actual age. As aresult, it
was found that the combined feature in the spatial domain has
a higher correlation with age than the combined feature in the
temporal domain. Among the spatial domain features,
INCaed REFpek-ampr INCyredd REF 4o @ SYS,eqcamp
—REF pea.amp Showed high correlation with age, and their
correlation coefficients were 0.38, 0.37, and 0.42.
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Table 4. Correlation coefficient and P value of basic features defined from theincident and reflected waves, first inflection point, reconstructed PPG?,

and original PPG.
Pulse type and feature R® P vaue
Incident wave
INC € peck-amp 0.06 P=.104
INC grea 0.15 P<.001
INC peak-time 0.23 P<.001
INC time 0.18 P<.001
INC g -0.16 P<.001
INC jurt -0.18 P<.001
Reflected wave
REF ¢ pesk-amp -0.42 P<.001
REF 4ea -0.45 P<.001
REF peak-time 0.10 P=.008
REF (ime 0.02 P=.514
REF ay 0.19 P<.001
REF jurt 0.18 P<.001
First inflection point
INF © peck-amp -0.08 P=.022
INF peak-time 0.18 P<.001
INF zrea -0.04 pP=.275
Reconstructed PPG
rRPPG | area -0.39 P<.001
RPPG gy 0.40 P<.001
RPPG yrt 0.04 P=.230
Original PPG
sys9 peck-amp 0.02 P=.525
SYS peak-time 0.27 P<.001
DIA" peckamp -0.39 P<.001
DIA peak-time 0.24 P<.001
OPPG | area 0.06 P=.118
OPPG {ime 0.08 P<.027
OPPG g@an 0.41 P<.001
OPPG yrt -0.07 P=.051
3pPpPG: photoplethysmogram.
PR: Pearson correlation coefficient.
YINC: incident wave.
9REF: reflected wave.
®INF: inflection paint.
"RPPG: reconstructed photoplethysmogram.
9SY'S: systolic.
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"DIA: diastolic.
'OPPG: original photoplethysmogram.
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Table 5. Correlation coefficient and P value of combined features created from the basic features.

Domain and feature R P value
Spatial
INC e amp/! NCorea -0.18 P<.001
INCpeekarmp/REF oesicamp 0.32 P<.001
INCpesk-amp/REF area 0.32 P<.001
INCpesk-amp/RPPG e 0.28 P<.001
INCare/ REF pesk-amp 0.38 P<.001
INCared/ REF area 0.37 P<.001
INCore/ RPPGiren 0.34 P<.001
REF peck-amp/ REF aren 0.19 P<.001
REF pesk-amp/RPPGirea -0.34 P<.001
REF 46/ RPPGren -0.34 P<.001
INCpeck-amp—REF peck-amp 031 P<.001
INCqesREFgea 0.34 P<.001
SV penk-amp— NCpeckcamp -0.06 P=.104
SYSpeck-amp—REF pesk-amp 0.42 P<.001
Temporal
INCpeak-time/!NCiime 0.20 P<.001
INCpeak-time/ REF pesk-time 0.15 P<.001
INCpeek-time/REFtime 0.23 P<.001
INCpeak-time/ OPPGiime 0.22 P<.001
INCiime/REF peck-time 0.12 P<.001
INCiime/REFtime 0.24 P<.001
INC(ime/ OPPGime 0.19 P<.001
REF peak-time/REF time 0.16 P<.001
REF pesk-time/ OPPGtime 0.12 P<.001
REF{ime/ OPPGiime -0.19 P<.001
REF pek-time— NCpesk-time 0.03 P=.390
OPPGijme— NCpesk-time 0.03 P=.369
OPPGijme—REF pesk-time 0.03 P=.399
Spatiotemporal
INCpesk-amp/! NCpeak-time -0.28 P<.001
INCpesk-amp/! NCiime —0.22 P<.001
INCpeak-amp/REF peak-time -0.11 P=.002
INCpesk-amp/REFime -0.02 P=615
INCpesk-amp/OPPGrime -0.09 P=.015
INCarea/! NCpes-time -0.15 P<.001
INCqredf!NCiime 011 P=.002
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Domain and feature R P value
INCqread/ REFpeak-time -0.05 P=.213
INCqree/ REFtime 0.02 P=.496
INCqee/ OPPGiime -0.02 P=.542
REF peak-amp/| NCpesk-time -0.36 P<.001
REF peak-amp/INCtime -0.32 P<.001
REF peak-amp/REF peck-time -0.22 P<.001
REF peck-amp/REFtime 017 P<.001
REF peak-amp/ OPPGime -0.22 P<.001
REF arealINCpeak-time -0.40 P<.001
REF e/ INCiime -0.36 P<.001
REF area/ REF peak-time -0.27 P<.001
REF areof REF(ime -0.25 P<.001
REF zreo/ OPPGtime -0.28 P<.001
RPPGgreaf/NCpeak-time -0.33 P<.001
RPPGgreq/INCiime -0.28 P<.001
RPPGree REF peak-time 017 P<.001
RPPGyeo/ REF(ime -0.10 P=.005
RPPGe5/ OPPGime -0.16 P<.001

8R: Pearson’s correlation coefficient.

BINC: incident wave.

°REF: reflected wave.

9RPPG: reconstructed photoplethysmogram.
e3YS: systalic.

foPPG: ori gina photoplethysmogram.

Statistical Results of Vascular Aging Assessment

The RM SE for the age estimation of the ANN-based regression
model developed in this study was 10.0 years. Figure 3 shows
the scatter plot of the participant’s age estimated through the
ANN-based regression model corresponding to the actual age
and the coefficient of determination of the model. The estimated

age and actual age of the ANN-based regression model showed
a high correlation of 0.63 (P<.001), and the coefficient of
determination of the model was 0.4. Figure 4 shows the
Bland-Altman plot for the estimated age and the actual age
through the ANN-based regression model developed in this
study. The upper and lower limits of 95 % agreement were 18.2
and —20.6 years, respectively.

Figure 3. Scatter plot and coefficient of determination for the ANN-based regression model developed for the estimation of vascular aging in this

study. ANN: artificial neural network.
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Figure 4. Bland-Altman plot for the ANN-based regression model developed for the estimation of vascular aging in this study. ANN: artificial neural

network.
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: : which observed changes in the main features of the PPG
Discussion J

In this study, a highly correlated feature for assessing vascular
aging was explored using features before and after
decomposition of the incident and reflected waves of the PPG,
and an ANN-based vascular aging estimation model was
developed with the features derived. The ANN-based regression
model showed the RMSE of 10.0 years in the age estimation.
In comparing the correlation analysis before and after
decomposition of the PPG incident and reflected waves, the
feature defined after decomposition rather than before
decomposition of the incident and reflected wavesis useful for
assessing vascular aging. In addition, in the comparison of all
individual features, the feature defined from the reflected wave
was confirmed as the best feature for assessing vascular aging.
Thisreconfirmsthat changesin arterial stiffness dueto vascular
aging arereflected very well in the reflected wave characteristics
of PPG, as Dawber et al [13] revealed. In the comparison of the
correlation between the basic features defined from the PPG
original waveform, incident wave, reflected wave, and
reconstructed PPG waveform before and after PPG
decomposition, REF ¢, and REF ey.amp Showed the highest
correlation. These features are defined from the characteristic
points of the reflected wave. In the results of our study, the
time-rel ated features of the reflected wave, such as REF ey ime
and REF;,., showed a very weak correlation (P=.01) or no
significant correlation (P=.51) with actual age, respectively.
However, the amplitude-related feature of the reflected wave
Of REF jeak-amp @Nd REF 4, sShowed awesak correlation (|R[>0.3)
with the actual age (R=—0.42 and R=-0.45 respectively). This
result suggeststhat the amplitude-related feature of the reflected
wave is more advantageous in estimating vascular aging than
thetime-related feature. Theresult inthisstudy isdifferent from
the study of Millasseau et al [14,15], which found that S, an
index related to thetemporal characteristic of the reflected wave,
had a higher correlation with age than RI, an index related to
the amplitude of the reflected wave. Also, in contrast to the
results of Millasseau et a and Yousef et a [14-16], the results
of this study showed that the amplitude of the reflected wave
decreased with aging, and the RI decreased accordingly. Unlike
the previous studiesthat used the PPG measured from the finger,
it is thought that in this study, the use of the PPG measured
from the nose had an effect. In a study by Hartmann et a [22],

https://medinform.jmir.org/2022/3/e33439

RenderX

depending on the measurement location, it was reported that
features such as Rl could have asignificant difference depending
on the measurement location. Whether the change in the PPG
waveform due to vascular aging has a specific pattern for each
measurement location has yet to be clearly clarified; therefore,
for clarification, additional research needs to be performed.

For the model devel opment, hyperparameter optimization, such
as number of hidden layers, number of nodes, dropout rate,
learning rate, optimizer, early stopping patience, and input data
scaler of the ANN-based regression model, was performed. In
determining the hidden layer, as the number of hidden layers
and the number of nodes in the hidden layer decreased, the age
estimation error of the proposed model tended to decrease. In
addition, as the dropout ratio of the hidden layer increased, the
estimation error decreased. This meansthat the proposed model
has sufficient expressive power to overfit the training data and
that performance can be improved by suppressing overfitting
[23,24]. For other training conditions used for model training,
the model showed the highest performance when the optimizer
was set to Adam, the learning rate was set to 0.001, and the
early stopping patience was set to 50. In the case of the scaler
that normalizestheinput value, it was confirmed that the Robust
scaler showed better performance. Thisis presumably because
the input data contains many outliers. In comparing the
performance of the model introduced in the previous study and
the ANN-based regression model proposed in this study, the
PPG features proposed by Millasseau et a and Yousef et a
[14-16] weakly correlated with the actual age (R=—0.29 and
R=-0.33 respectively). However, the ANN-based regression
model proposed in thisstudy strongly correlated with the actual
age (R=0.63) and had better performance. In addition, the
ANN-based regression model of this study had better
performance than the previous studies in estimating the actual
age of participants [18,19]. Similar to this study, the existing
CNN model developed by Dall’Olio et al [18] with a single
PPG input showed an estimation error of 12 yearsin RMSE,
but the ANN-based regression model of this study showed a
low estimation error of 10 yearsin RM SE. M oreover, our model
has better estimation performance than the linear and ANN
models using multiple inputs of PPG and ECG, showing
estimation errorsof 12 and 11 years, respectively [19] (see Table
6).
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Table 6. Comparison of the proposed model to the models of previous studies in root mean squared error, correlation coefficient, and P value.

Reference and type of regression model Input RMSE? (years) R P value
Proposed, ANNP Features from raw PPG® and incident and reflected wave 10 0.63 p<.001
separated from raw PPG
Millasseau et al [14,15], linear Feature from raw PPG N/Ad -0.29 P<.001
Yousef et a [16], linear Feature from raw PPG N/A -0.33 P<.001
Dall’Olio et a [18], CNNE Raw PPG 12 N/A N/A
Chiarelli et al [19]
Lineer Feature from raw PPG and ECG' 12 064  P<001
ANN Feature from raw PPG and ECG 11 0.74 P<.001
DCNNY Raw PPG and ECG 7 092  P<001

3RM SE: root mean squared error.

BANN: artificial neural network.

°PPG: photoplethysmogram.

IN/A: not applicable.

€CNN: convolutional neural network.

eCa: electrocardiogram.

9DCNN: deep convolutional neural network.

This study has some limitations. Most of the previous studies
that performed vascular aging evaluation used finger PPG.
However, in this study, vascular aging was evaluated based on
nasal PPG. Therefore, it is difficult to generalize the results of
this study to a vascular aging evaluation technique using PPG
regardless of the measurement location. Therefore, it is
necessary to analyze the aging-related waveform change
characteristics of PPG obtained from various measuring sites
through additional studies. In addition, the ANN-based
regression model devel oped in this study for estimating vascular
aging is a relatively simple machine learning model with one
hidden layer. Therefore, in future studies, it is necessary to
improve the vascular aging estimation performance by applying
amore sophisticated machine learning technique with increased
model complexity. Moreover, this study did not investigate
various risk factors that can accelerate vascular disease, such
asatherosclerosis; therefore, it isnecessary to evaluate the model
performance and examine the possibility of application
according to various subject characteristics.
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Abbreviations

Alx: augmentation index

ANN: artificial neural network

CNN: convolutional neural network
DCNN: deep convolutional neural network
DIA: diastolic

ECG: electrocardiogram

INC: incident wave

INF: inflection point

LOOCYV: leave-one-out cross-validation
MAE: mean absolute error

OPPG: original photoplethysmogram
PPG: photoplethysmogram

REF: reflected wave

ReL U: rectified linear unit

RI: reflection index

RMSE: root mean squared error

RPPG: reconstructed photoplethysmogram
Sl: stiffness index

SYS: systalic
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