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a b s t r a c t 

The cardiovascular system is designed to distribute a steady flow through its elastic properties. With age- 

ing, fatigue and fracture of elastin lamellae cause a loss of elasticity defined arterial stiffness. Arterial 

stiffness causes changes of the pulse wave propagation through the arterial tree, which volumetric coun- 

terpart can be assessed non-invasively through photoplethysmography (PPG). PPG may be employed in 

combination with electrocardiography (ECG). It is here reported an implementation of analysis of multi- 

site PPG and single lead ECG relying on Deep Convolutional Neural Networks (DCNNs). DCNNs generate 

peculiar filters allowing for data-driven automated selection of the features of interest. The ability of a 

DCNN to predict subject’s age from PPG (left and right brachial, radial and tibial arteries plus fingers) and 

ECG (Lead I) in a healthy male population (age range: 20–70 years) was investigated. A performance in 

age prediction of 7 years of root mean square error was obtained, which was superior to other feature- 

based procedures. The accuracy in age prediction of the machinery in the healthy population may serve 

for the generation of age-matched normal ranges for the identification of outliers suggesting cardiovascu- 

lar diseases manifesting as fastened cardiovascular ageing which is recognized as a risk factor for ischemic 

diseases. 

© 2019 IPEM. Published by Elsevier Ltd. All rights reserved. 
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. Introduction 

The heart and the arterial tree have the function to deliver

lood to capillaries of bodily organs and tissues according to their

eed. Moreover, the arterial tree cushions the pulse wave gener-

ted by the heart allowing for a continuous blood flow [1] . Great

mphasis has been placed on the role of arterial aging, as deter-

ined by an increased arterial stiffness and loss in the arterial

ushion properties. Arterial stiffness is in fact both a marker and

n independent risk factor for the development of cardiovascular

iseases [2–6] . Although quantitative evaluation of arterial stiffness

equires estimating volumetric changes given pressure variations,
Abbreviations: AGI, Ageing Index; ANN, Artificial Neural Network; DCNN, Deep 

onvolutional Neural Network; DNN, Deep Neural Network; ECG, Electrocardiog- 

aphy; MSE, Mean Squared Error; NIR, Near Infra-Red; OD, Optical Density; PMT, 

hoto-Multiplier Tube; PPG, Photoplethysmography; PWV, Pulse Wave Velocity; 

eLU, Rectified Linear Unit; RMSE, Root Mean Square Error; SNR, Signal to Noise 

atio. 
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tatistical approaches have been developed to estimate stiffness

rom its influence on the pulse pressure wave propagation within

he arterial tree. In fact, as arteries stiffen with age or disease pro-

ess, the propagation of the pulse pressure wave from the heart

nto the arterial tree modifies. It is known that pulse wave veloc-

ty (PWV) is monotonically and positively related to arterial stiff-

ess [7,8] since it tends to be proportional to the square root of

he incremental elastic modulus of the vessel wall where it prop-

gates [9] . It is generally estimated from measurements performed

t two different body locations (e.g., carotid-femoral PWV) with

alues ranging from 5 m/s in teenagers up to 12 m/s in the old

opulation [10] . When measured at a specific body site, not only

he pulse wave time of arrival [11] but also other features of the

ulse are sensitive to arterial ageing. With ageing, pulse waveforms

ransform from a wavy into a more triangular-shaped signals [12] .

lthough the origin of the pulse shape at different body locations

erives from a complex interplay between pulse pressure, arterial

tiffness and peripheral resistance, and the contribution of each

omponents is not completely understood, it is generally accepted

hat pulse shape can provide valuable information about the car-

iovascular system status. For example, more than a century ago

https://doi.org/10.1016/j.medengphy.2019.07.009
http://www.ScienceDirect.com
http://www.elsevier.com/locate/medengphy
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clinicians, using tonometers, measured a rise with ageing in the

late systolic component of the pulse measured at the radial artery

[13,14] . 

Photoplethysmography (PPG) [15] is a noninvasive optical

technique that exploit near infrared (NIR) light sensitivity to

hemoglobin [16] , the main absorbing compound in such spec-

tral range, to estimate periodic changes in blood volume within

the arteries caused by the pulse pressure wave. Although be-

ing a volumetric measure and not a direct measurement of the

pulse pressure, thanks to the strict relationship between changes

in arterial pressure and volume and its non-invasivity, it is

commonly employed for arterial stiffness evaluation. PPG is often

performed in a transmission modality on the fingers or toes, al-

lowing the assessment of both arterial oxygen saturation and sin-

gle wavelength pulse wave contour [17] . Thanks to the high dif-

fusive properties of biological tissues within NIR spectral range

[18] , PPG measurements can also be performed in a back-reflection

modality where the light source and detector are located on the

same surface at a certain distance from one another (few cen-

timeters). This procedure allows to investigate larger arteries (e.g.,

radial and brachial arteries) where transmission modality is not

feasible. 

PPG signals can be analyzed to retrieve PWV between two dif-

ferent body sites or between the heart and one body site, when

employed in combination with ECG recordings, based on the time

of arrival of the pulse [11] . 

The PPG shape contour has been extensively characterized

when measured on fingers. It usually is characterized by an early

systolic peak and a later peak following a point of inflection that

occurs a short time after the first peak in the post-systolic phase.

The second peak is supposedly formed by back-reflections at sites

of impedance mismatch within the arterial tree and its amplitude

and closeness to the early systolic peaks are known to be related

to cardiovascular ageing and arterial stiffness [14] . Peaks of PPG

contours are generally retrieved by means of PPG first derivative

analysis. 

Other work was conducted to evaluate PPG pulse shape by

means of second derivative analysis (accelerated PPG). A non-linear

combination of second derivative values, extracted within the di-

astolic, systolic and early post-systolic phases of the finger PPG

[19] , demonstrated good relation with subject’s age (correlation be-

tween r = 0.8 and r = 0.9 with an age range of 20–80 years) and

was labeled as “ageing index” (AGI) which, to date, provided the

best performance in age prediction based on PPG feature analysis

[12] . 

Another approach, alternative to feature extraction by means

of derivative analysis, would be to implement data-driven proce-

dures through the employment of advanced machine learning al-

gorithm. In fact, the link between PPG, or PPG and ECG, with sub-

ject’s age can be conceived as a multivariate regression problem

whose transfer function can be learned by artificial intelligence,

avoiding a priori feature selection. The only a priori assumption of

the procedure (whose assumption can be tested a posteriori) is the

existing functional relationship between the input (PPG and ECG)

and the output (subject’s age). With respect to PPG, such an ap-

proach was utilized by Monte-Moreno [20] for prediction of blood

glucose and pressure. The relationship between the input and the

output has to be learned by the machinery in a supervised learning

approach [21] . 

With respect to supervised learning classification and regres-

sion, Artificial Neural Networks (ANNs) are currently showing great

potential. ANNs are composed of nonlinear processing units, called

neurons. The evolution of ANNs are Deep Neural Networks (DNNs,

also labeled as Deep Learning) [22,23] . DNNs are constituted by

many layers of neurons and they find complex relationships by

minimizing a cost function (a metric of distance between the DNN
nd real outputs) by means of gradient descent approaches and

y using the backpropagation algorithm [24] . Efficient learning al-

orithms have been implemented to avoid local minima during

raining and poor generalization (over-fitting) [25] as well as new

euron’s activation functions (such as Rectified Linear Unit Func-

ion, ReLU function [26] ) that dampened the vanishing gradient

roblem [27] . DNNs can perform very complex, non-linear, re-

ressions and/or classifications, greatly increasing shallow ANN

nd other machineries performances [28] . DNNs reached incredi-

le classification outcomes when applied to signals and/or to im-

ges [29–32] , also within the biomedical field [33–35] . 

A further improvement to DNNs was the implementation of

eep Convolutional Neural Networks (DCNNs). DCNNs are DNNs

here neurons are connected to sliding regions of signals and/or

mages that are close in time and/or space [31,36] . Since neurons

f DCNNs are grouped, the parameters of the neurons, because of

he learning procedure, generate filters that allow pattern identifi-

ation with no priors [37] . 

In this paper investigation of the capabilities of DCNNs for data-

riven prediction of the age of healthy adult males as a function of

ulti-site PPG (left and right brachial, radial and tibial arteries plus

ngers) and ECG (Lead I) recordings is reported. The performance

f the DCNN was compared to AGI evaluation of the finger PPG and

o PPG-ECG feature-based approaches relying on derivative analysis

nd either on linear or non-linear regressors. 

. Methods 

.1. Participants 

25 healthy volunteers, with age ranging from 20 to 70 years

5 participants for each decade, to obtain a uniform age distribu-

ion) were enrolled. All participants were male, adults, Caucasian,

ith no history of cardiovascular, neurological or psychiatric dis-

ase; they did not receive medications, nor coffee or energy drinks

efore the test. All the subjects provided written informed consent,

hich was performed in agreement with the ethical standards of

he Helsinki Declaration, 1964, and approved by the local Human

oard Review and Ethical Committee. 

.2. Photoplethysmography (PPG) and electrocardiographic (ECG) 

ecordings 

Photoplethysmographic data have been acquired with a

ulti-channel frequency domain near-infrared (NIR) system (ISS

magent TM , Champaign, Illinois, Fig. 1 (a)). In frequency domain

echnology, sources are modulated at frequencies of hundreds of

egahertz allowing to uncouple and quantitatively evaluate ab-

orption and scattering coefficients of the tissue from signal’s

mplitude and phase delay measurements [38] . The system was

quipped with 32 laser diodes (16 emitting light at 690 nm and

6 at 830 nm) and 4 photo-multiplier tubes (PMTs). Although the

nstrument recorded light intensity and phase-delay data at two

avelengths, only intensity data at 830 nm of wavelength has been

sed in the current study, effectively using the system in a single-

avelength, continuous wave (constant source power) modality.

n fact, since no quantitative evaluation of tissue absorption and

cattering is needed, PPG is generally performed with constant

ight sources; moreover, the 830 nm wavelength is the color with

tronger sensitivity to oxy-hemoglobin, the main oscillating chro-

ophores within the arteries, providing a higher PPG Signal to

oise Ratio compared to 690 nm wavelength [39] . The sampling

ate was set at 100 Hz. NIR light was carried to the investigated

issue using optic fibers (0.4 mm core) and from the tissue back

o the PMTs using fiber bundles (3 mm diameter). The fibers have
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Fig. 1. (a) Experimental setting: PPG was acquired with a multi-channel frequency domain near infrared system (ISS ImagentTM, Champaign, Illinois). NIR light was carried 

to and from the investigated tissue using optic fibers. The fibers have been held in place using custom-built optical probes; Synchronized ECG was acquired through leads 

and the analog signals have been sent to a 16-bit Analog to Digital Converter (Powerlab, AD Instruments); during the experiment, the subjects lied supine on a medical cot. 

(b) 4 PPG channels have been located on the brachial, on the radial and on the tibial arteries as well as on the index. Two recording runs have been performed to investigate 

both sides of the body. ECG was acquired through single lead ECG recordings (right and left forearm, Lead I). (c) Example of raw PPG signal recorded on the finger for one 

subject in one run (left image) and raw synchronous Lead 1 ECG signal (right image). 
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een held in place using custom-built probes. 4 PPG channels have

een located on the brachial, on the radial and on the tibial arter-

es in a back-reflection modality with an inter-optode distance of

 cm. Notice that, when dealing with a back-reflection recording

odality in the NIR spectral range, inter-optode distance affects

he investigated depth of the optical probe. Particularly, increas-

ng the inter-optode distance monotonically increases the depth

ensitivity of the investigation. Although, thanks to the strong dif-

usion, the sensitivity of a source-detector pair in a back-reflection

odality is an exponentially decaying function of the space inves-

igated [18,40] , the maximum depth sensitivity is approximately

alf of the source-detector distance [41] . Thus, the 2 cm source-

etector distance was used to effectively probing tissues at around

 cm depth from the skin, supposedly being maximally sensitive

o the underlying artery investigated. 

An additional PPG channel was located on the index finger in a

lassical transmission modality ( Fig. 1 (b)). 

Synchronized ECG was acquired through single lead ECG

ecordings (right and left forearm, Lead I, Fig. 1 (b)). The analog sig-

als were sent to a 16-bit Analog to Digital Converter (Powerlab,

D Instruments) and sampled at 1 kHz ( Fig. 1 (a)). 

During the experiment, the subjects lay supine on a medical cot

 Fig. 1 (a)). PPG and ECG data were recorded for 2 min for two dif-

erent runs. In each run PPG signals were recorded from one side

f the body. Within the two runs the PPG probes were moved to

he contralateral side. The initial side of recording was randomized

mong subjects. 
.3. Photoplethysmographic (PPG) and electrocardiographic (ECG) 

ignal pre-processing 

Raw PPG signals ( Fig. 1 (c), left image) have been converted into

ptical densities (ODs) [42] . 

Raw PPG OD and ECG ( Fig. 1 (c), right image) have been fil-

ered with zero-lag 4th order Butterworth digital filters; raw PPG

ata have been filtered between 0.2 and 10 Hz; raw ECG data have

een filtered between 0.2 and 50 Hz ( Fig. 2 (a) and (b)). One sub-

ect was removed due to low quality of filtered signals after vi-

ual inspection. A total of 24 subjects were utilized for further

nalysis. 

To identify the R-wave peaks of the ECG, the local maxima were

ound on a filtered and normalized ( z -score) Lead I ECG signals

ith constraints of a minimum value of the peak of 3, and an in-

erpeak distance of 600 ms. 

A visual inspection of the R-wave peaks identification algorithm

howed reliable identification performance with a 100% sensitivity

nd specificity to the R-wave peaks for all the subjects ( Fig. 2 (b)). 

To avoid redundant sampling of PPG and ECG and to homog-

nize sampling frequency, both signals have been resampled at

0 Hz. Single pulse PPG and ECG signals have been estimated for

ll channels in a time window from 0.3 s prior to 1.2 s after the

-wave peaks. 

The time-window of 1.5 s allowed to encompass a large

ange of pulsation frequencies (down to a minimum value of

0 beats/min). To account for possible noisy periods of both PPG
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Fig. 2. Example of filtered PPG (a) and ECG (b) recordings for one subject in one run. (b) R-wave peaks of the ECG have been identified through an automated procedure. 
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and ECG signals, average signals were evaluated with a trim-mean

approach by excluding single pulses from the average that had

single time-points below or above the 25th or 75th percentile of

the sample population. Because of the very high quality of the

recorded signals and the low presence of movement artifacts, this

analysis ensured a reliable estimate of the pulse average PPG and

ECG recordings. An example of pulse average PPG and ECG record-

ings, together with their standard error (shaded area) showing

their small variability, is reported in Fig. 3 . 

Lead I ECG recordings were averaged between the two runs. 

Lead I average ECG and the 8 average PPG recordings have been

normalized ( z -score) and organized in a time by number of body

sites matrices for each of the 24 subjects. 

The ages of the subjects have been considered as outputs of

the regressors after a normalization process that ensured their val-

ues to be constrained between 0 and 1. The normalization de-

creased the variability of the age variable from STD = 15.4 years

to STD = 0.335 (dimensionless units). 

To increase the data-set numerosity and avoid over-fitting when

training, a data-augmentation approach was employed [43] . 99

new input matrices were obtained from each subject by adding

noise to the real input coupled with the output age equal to that of

the original data. Since we did not want to distort important infor-

mation while augmenting the data, the new inputs were generated

by adding white Gaussian noise to the average and normalized PPG

and ECG signals, with a standard deviation of 0.2 (Signal to Noise

Ratio, SNR = 5). A SNR of 5 was chosen since this value was smaller

than the ratio of the diastolic to systolic peaks and the second peak

after the inflection point, thus avoiding too much distortion of the

after-systolic PPG features. 
A total dataset of 2400 inputs (normalized and augmented

ulse average multisite PPG and single lead ECG, time by mea-

urement sites matrices) with their respective outputs (normalized

ges) were provided to the DCNN or the feature extraction algo-

ithm. 

.4. Deep Convolutional Neural Network (DCNN) 

The structure of the DCNN employed in this work was

euristically chosen in similarity with previously reported DCNN

tructures on biological signal analysis and classification [35] . The

tructure is reported in Fig. 4 (a). The DCNN was composed of 3

onvolutional layers and one fully connected layer prior to the out-

ut neuron. The input layer was composed of normalized PPG and

CG average signals. The PPG and ECG average signals were 75 × N

atrices where 75 is the number of time samples whereas N is the

umerosity of the signals employed (PPG at different body sites

nd single lead ECG). The convolutional layers consisted of convolu-

ional (filtering), non-linear and pooling layers performing features

xtraction and dimension reduction. 

For each convolutional layer 10 filters were employed. Since the

nterest was in creating temporal filters, all filters have been per-

ormed in the temporal dimension of the input matrix, and they

ere of size 6 × 1 with a stride of 1. 

As non-linear function, the Rectified Linear Unit (ReLU) function

as employed [26] . 

For the pooling layer, MaxPooling was utilized, where the

argest element from the rectified feature map is retained. A 5 × 1

axPooling was implemented to reduce the dimensionality of each

eature to 1 after the three convolutional layers and before the
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Fig. 3. Example of R-wave locked average Lead I ECG and multisite PPG recordings for one subject (from −0.2 s up to 1.3 s after R-wave, resampled at 50 Hz), together with 

their standard error (shaded area). 
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a 
ully connected layer. The fully connected layer (20 neurons per-

orming a ReLU transformation) was introduced to summarize and

hare information between column of the input matrix (different

ignals) composed of 10 features each after the last feature extrac-

ion layer. 

Lastly, a sigmoid function output a value between 0 and 1 pre-

icting the normalized subject’s age. All Weights of the DCNN have

een initialized in a pseudo-random manner employing a trun-

ated normal distribution (mean = 0, standard deviation = 0.1, trun-

ation at 2 standard deviations), and the biases have been initial-

zed to 0 [44] . 

The DCNN was trained in a supervised learning approach

45] by employing the mean squared error (MSE) as objective func-

ion and the Adam Optimizer [25] as optimization algorithm. Adam

ptimizer parameters were set to: learning rate = 10 −3 , first mo-

ent exponential decay rate = 9 ·10 −1 , second moment exponential

ecay rate = 9.99 ·10 −1 , constant = 10 −8 [25] . 

The optimization procedure was iterated for 10 0 0 epochs with

 batch size of 5. A 24-fold cross validation procedure was per-

ormed, to address the out-of-training-sample DCNN performance

46] . Since a data augmentation data-set coming from 24 subjects

as available for the analysis, each fold was selected from aug-

ented data coming from 1 subject dataset, thus avoiding the

resence of data generated from a single subject both in the train-

ng and test set. 

The described DCNN architecture, training and validation have

een implemented in Python through the open-source software li-

rary Tensorfow [47] . Further analysis was performed in Matlab. 

.5. Feature-based analysis 

A feature extraction algorithm was implemented to extract fea-

ures of interest from pulse average PPG and ECG signals. For the

PG signals three points of interest have been identified, namely,

he diastolic peak, systolic peak, and the first inflection point after
he systolic peak ( Fig. 5 (a)). Diastolic peak and systolic peak have

een identified employing a first derivative analysis [14] . Inflection

oint after the systolic peak was instead estimated as the point of

aximum positive value (positive curvature) of the second deriva-

ive of the signal after such a peak [19] . For each point of interest

 features have been selected, namely: time, amplitude and second

erivative, for a total of 9 features for each of the 8 PPG location. 

For Lead I ECG signal 3 points of interest have been identified

hrough first derivative analysis: P-wave peak, R-wave peak, and T-

ave peak and the same 3 features for each point were estimated

time, amplitude and second derivative) ( Fig. 5 (b)). For combined

PG and ECG estimations a total of 81 features were fed to the

egressor (9 features × 9 locations). 

As a linear regressor between features and age multiple linear

egression was employed [48] . 

As a non-linear regressor a shallow ANN was implemented,

ith structure equivalent to the last two layers of the DCNN uti-

ized in the study and trained with an identical procedure to that

f the DCNN. The same cross-validation procedure employed for

he DCNN was utilized for both the linear and the non-linear

eature-based regressions. 

.6. Ageing index (AGI) analysis 

The performances of the DCNN and other data-driven feature-

ased algorithms have been compared to AGI evaluation of PPG

easured at the finger location. The algorithm implemented was

he one report in the work by Pilt et al. [12] . AGI was estimated

or the 24 subjects enrolled by means of second derivative analy-

is. The PPG was analyzed by using the amplitudes of distinctive

eaks of the second derivative “a”, “b”, “c”, “d”, and “e”, which are

ituated in the systolic phase of the heart cycle ( Fig. 6 (a)). AGI was

omputed as: 

GI = 

b − c − d − e 
(1) 
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Fig. 4. (a) DCNN employed in the study. The DCNN was composed of 3 convolutional layers, and a fully connected plus a single neuron sigmoid layer. The input layers were 

composed of normalized PPG and ECG pulse average recordings. The feature extraction section was composed of convolutional, non-linear and pooling layers performing 

filtering and dimension reduction. The fully connected layer and the sigmoid layer acted as regressor on the features extracted from the convolutional layers (10 features). 

A one neuron sigmoid layer constituted the output layer to provide predicted subjects’ normalized ages based on the inputs. (b) DCNN average (and related standard error) 

cross-validated objective function (mean squared error between predicted and real normalized age) as a function of the training epoch for the training and the testing set, 

respectively. 
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The AGIs of the subject were estimated as the average of right

and the left finger PPG outcome. 

3. Results 

Fig. 6 (a) reports an example of AGI estimates based on a sec-

ond derivative analysis. Fig. 6 (b) reports the correlation obtained

by evaluating AGI on the finger PPGs as a function of the actual

subject’s age. A correlation of r = 0.73 ( p < 10 −4 ) was obtained. 

The cross-validated, predicted age of the subjects as a function

of actual age of the testing set when employing multisite PPG and

Lead I ECG recordings in a data-driven fashion are presented in

Fig. 7. Of the augmented data-set employed during training and

cross-validation, only results obtained from real data are reported.

Feature-based analysis results are reported for multiple linear re-

gression ( Fig. 7 (a)) and shallow ANN ( Fig. 7 (b)). Feature-less analy-

sis results are reported employing the DCNN ( Fig. 7 (c)). DCNN av-

erages (and related standard errors) cross-validated MSEs (between

predicted and real normalized age) is reported as a function of the

training epoch in Fig. 4 (b) for training and the testing set. No over-

fitting effect, increase of the MSE at increasing epoch, is visible in

the testing set, proving the efficacy of the data augmentation pro-

cedure. For the feature-based analysis and linear regressor, for the

feature-based analysis and non-linear regressor and for the DCNN,
orrelations of r = 0.64 ( p < 10 −3 ), r = 0.74 ( p < 10 −4 ) and r = 0.92

 p < 10 −9 ) were obtained. 

To test the statistical significance of the difference between cor-

elation coefficients of the outputs of the data-driven procedures

ith age and correlation coefficient between AGI and age, the cor-

elation coefficients were Fisher transformed, and a z test was per-

ormed. 

Significant increase in correlation with age was obtained when

omparing data-driven multisite DCNN to AGI ( Z = 2.14, p < 0.05)

hether no difference was found between the feature-based anal-

sis and AGI (Features + Multiple Regression vs. AGI, Z = −0.55,

 = N.S .); Features + Multiple Regression vs. AGI, Z = 0.07, p = N.S. ).

ig. 7 (d) reports cross-validated, average (and related standard er-

or) testing-set MSEs as a function of the different multivariate

ata-driven regressor procedures employed. The estimated root

ean square errors (RMSEs), expressed in years, is also reported.

tandard errors of the MSEs were estimated employing a Bootstrap

rocedure [46] . 

A Friedman Test highlighted a difference in MSE (evaluated

n normalized age) depending on the data-driven procedure em-

loyed (Chi-Square = 15, df = 2, p < 10 −3 ). Post-hoc analysis

as performed through pairwise comparisons among data-driven

pproaches relying on Wilcoxon signed rank. Significant differ-

nces in MSE were found when comparing feature-less DCNN
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Fig. 5. (a) Example of an average PPG signals and its estimated first and second derivative. 3 points of interest have been identified through derivative analysis: diastolic 

peak, systolic peak, and inflection point. 9 features have been identified for each PPG waveform, namely, time, amplitude and second derivative of the 3 points. (b) Example 

of an average ECG signals and its estimated first and second derivative. 3 points of interest have been identified through derivative analysis: P-wave peak, R-wave peak, and 

T-wave peak. 9 features have been identified for each ECG waveform namely, time, amplitude and second derivative of the 3 points. 
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nalysis (MSE = 0.025 ±0.008) with feature-based analysis (linear,

SE = 0.068 ±0.014 and non-linear regressor, MSE = 0.057 ±0.011)

 Z = −2.97 p < 0.01, Z = −2.54, p < 0.01). When comparing the

wo feature-based data-driven multivariate analysis, the non-linear

perator performed better than the linear one, however the differ-

nce did not reach statistical significance ( Z = −0.083, p = 0.4). 

Importantly, when employing the multiple regression analysis,

ecause of its linear nature, it was possible to easily evaluate the

mpact of each feature in the prediction of the output by ana-

yzing the magnitude of the beta weights (after normalization of

oth the independent and dependent variables). When averaging

he beta weights across features and body sides, we obtained the

ighest absolute weights on tibial artery PPG (0.044 ±0.002), fol-

owed by Lead I ECG (0.039 ±0.002), finger PPG (0.038 ±0.0017) and

rachial artery PPG (0.037 ±0.0013). The smallest absolute weights

ere associated with measurements performed through radial

rtery PPG (0.097 ±0.0 0 08). When evaluating the average weights

cross locations, we obtained the highest absolute beta weights for

ime features (0.041 ±0.002), followed by second derivative features

0.030 ±0.002) and amplitude features (0.026 ±0.002). 

Furthermore, in order to provide a qualitative analysis of the

eatures extracted by the filters of the DCNN, we divided the sub-

ects by a median split of age and analyzed the different output of

he first convolutional layer of the DCNN as a function of the two

roups (younger and older subjects). Fig. 8 reports example of this

nvestigatory analysis aiming at highlighting the features extracted
y the DCNN to predict age. The figure shows average (and related

tandard error) input signals and first-convolutional and ReLU lay-

rs outputs divided by the median split of age. Fig. 8 reports re-

ults for different inputs and the first convolutional layer + ReLU

utputs for a particular filter of the first convolutional layer. For

CG Lead I ( Fig. 8 (a)) the filter seems to highlight age differences

f the T-wave, i.e., at the T-wave time there is larger average dif-

erence (also when accounting for the standard error of the mean)

etween the signals of the two groups in the filtered signals com-

ared to the unfiltered ones. In particular, the filter seems to high-

ight a decreased T-wave peak amplitude in the older population.

ig. 8 (b) reports results for the PPG Tibial Artery. This filter seems

o highlight age differences in timing of the systolic peak (earlier

eak in the older population). Lastly, Fig. 8 (c) reports results for

he PPG Brachial Artery, highlighting age differences in the post

ystolic phase of the pulse (with older subjects having smaller cur-

ature in this phase). 

Regressors performances when employing PPG at a single body

egion (utilizing two inputs at the same body regions on the con-

ralateral sites) and Lead I ECG are illustrated in Fig. 9. Single body

egion PPG and Lead I ECG average (and related standard error)

esting-set MSE (evaluated on normalized age) as a function of

he locations are displayed for the different regressors. RMSE, ex-

ressed in years, is also reported for the smaller and larger MSE re-

rieved. Best performance (smaller MSE, RMSE) were obtained with

PG measures performed on the tibial artery (MSE = 0.055 ±0.018).
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Fig. 6. (a) Example of AGI estimates based on a second derivative analysis. The finger PPG was analyzed by using the amplitudes of distinctive peaks of the second derivative, 

“a”, “b”, “c”, “d”, and “e”, which are situated in the systolic phase of the heart cycle. (b) Correlation of AGI as a function of the actual age obtained from the subjects’ sample. 
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However, the obtained MSE was significantly higher than the one

obtained employing multimodal and multisite PPG and Lead I ECG

(MSE = 0.025 ±0.008) ( Z = 1.97, p = 0.04). 

4. Discussion 

Ageing is accompanied by cardiovascular degradation and arte-

rial stiffness [8] . Several procedures have been developed to pre-

dict subject’s age relying on measurement of the cardiovascular

status through peripheral recordings [11,12] . Accurate age predic-

tion in the healthy population based on peripheral recordings sen-

sitive to cardiovascular ageing may indeed allow the generation of

age-matched normal ranges, usable for screening of cardiovascular

diseases. 

Based on the established sensitivity of PPG and ECG to cardio-

vascular ageing [8,11,12,49] , in this paper we explored the capabil-

ities of combined multisite PPG (left and right brachial, radial and

tibial arteries plus fingers) and single site ECG (Lead I) recordings

( Figs. 1–3 ) together with advanced machine learning algorithms

(DCNN, Fig. 4 ) to predict the age of subjects from a healthy male

population [50] . The implemented DCNN allowed feature-less PPG

and ECG analysis by generating data-driven temporal filters pro-

ducing an automated selection of signal features sensitive to age-

ing ( Figs. 4 and 8 ). 

DCNN was able to predict the ages of the participants to a high

degree of accuracy, with a correlation between real and predicted

age of r = 0.92, (age range: 20–70 years, Fig. 7 (c)) and a RMSE of
nly 7 years ( Fig. 7 (d)). This result was compared to more con-

entional approaches such as AGI computed on finger PPG or on

pproaches that relied on feature extraction (based on first and

econd derivative analysis) of the PPG and ECG signals and lin-

ar (multiple regression) or non-linear (shallow ANN) regressors.

 statistically significant lower accuracy with respect to DCNN in

ge prediction was obtained with AGI ( r = 0.73) or utilizing a linear

 r = 0.64, RMSE = 12 years) and non-linear ( r = 0.74, RMSE 11 years)

egressors ( Fig. 7 (a), (b), and (d)). Although feature-based nonlin-

ar regressor was slightly better performing than AGI and the lin-

ar regressor, the differences were not statistically significant. This

uggests that the higher performances of DCNN may be more as-

ribed to its self-selection capabilities of the features of interest

ather than the non-linearities involved in the PPG-ECG vs. age re-

ression problem. An investigatory analysis, aiming at highlight-

ng the most evident features extracted by the DCNN in the first

onvolutional layer of the network, showed DCNN selection of PPG

nd ECG features such as the timing of the systolic peak in the tib-

al artery, the curvature of the post systolic phase in the brachial

rtery and the T-wave peak amplitude of the ECG Lead I. These

eatures are recognized as age-changing characteristics of the PPG

nd ECG and they have been also evaluated by the feature-based

nalysis. In particular, PPG timing with respect to the ECG is di-

ectly associated to the PWV (and hence elastic properties of arter-

es) [7] whereas PPG curvature of the post-systolic phase is known

o be associated with both PWV and peripheral resistance of distal

essels that cause back-reflections of the propagating pulse wave
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Fig. 7. (a) Predicted subject’s age as a function of actual age when employing PPG and ECG features and a multiple linear regression analysis. (b) Predicted subject’s age as a 

function of actual age when employing PPG and ECG features and a shallow ANN. (c) Predicted subject’s age as a function of actual age when employing the DCNN on PPG 

and ECG signals. (d) Cross-validated, average (and related standard error) testing-set mean squared errors (MSEs, evaluated on normalized age) as a function of the different 

regressor procedures employed. Root mean square errors (RMSEs) expressed in years are also reported. 
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51] . Importantly, ECG recordings seemed useful in characterizing

ardiovascular ageing beyond the simple triggering of the PPG pul-

ation analysis. This is depicted from both beta weight evaluation

f multiple linear regression (ECG associated beta weights were

he second features, after tibial PPG, as assessed by the absolute

agnitude of beta weights when employing linear regression in

ge prediction) and from the qualitative investigation of the ef-

ect of DCNN convolutional filters on the input signals ( Fig. 8 (a)).

his means that, by combining ECG with PPG, better performances

ould be achieved when assessing cardiovascular ageing. The fact

hat ECG helps in predicting age might be directly associated with

rterial stiffness; for example, it has been shown in previous works

hat arterial stiffness is associated (might induce) cardiac modifica-

ions which should reflect in an altered ECG [52] . However, other

ardiovascular ageing processes, not directly associated to arterial

tiffness, might be the underlying cause of ECG modifications. In-

eed, further study, extended to pathological populations, should

e conducted to further investigate this aspect. 

The higher performances of the DCNN with respect to feature-

ased procedures could possibly be caused by a lower reliability of

he feature extraction algorithm (based on first and second deriva-

ive analysis) or to DCNN investigation of less evident signals shape

haracteristics contributing to the age prediction. 

Another important novelty of the proposed work was the eval-

ation of the PPG signals at multiple body locations. Multisite in-

estigation at different body locations is not particularly common,
specially for larger arteries where back-reflection modality is re-

uired. For this reason, we compared the multisite recordings with

nalysis performed employing single body region PPG. Particularly,

e evaluated the DCNN and the feature-based algorithms perfor-

ances when PPG signals, coming from the same contralateral

ody site, and single lead ECG were provided to the machiner-

es. The best performance in age prediction was obtained when

he PPG sensors have been located on the tibial arteries and sig-

als were fed to the DCNN (RMSE = 10.8 years). This result might

uggest that distal regions can provide higher sensitivity to arterial

geing when estimated using PPG. This result was further corrob-

rated by the multiple linear regression analysis on multisite PPG

ecordings, where the largest beta weights were associated to PPG

eatures measured on tibial artery. Another possible explanation to

he findings is that lower limbs might indeed be more affected by

ascular ageing. 

Notice that average estimates of PPG and ECG pulsations were

xamined within a defined time window with respect to the

-wave peak. It should be stressed that the averaging procedure

ntrinsically does not account for possible single pulsation differ-

nces introduced, for example, by the heart rate variability. In fact,

his is generally reflected in the slightly larger confidence interval

f the retrieved average pulsation before the diastolic peak and in

he late post-systolic phase (although the overall small confidence

nterval of the average pulse, this is slightly appreciable in Fig. 3 ).

mportantly, the diastolic peak location should be stable with
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Fig. 8. Example of input signals and first-convolutional and ReLU layers filtered outputs divided by a median split of age. Average values and related standard error are 

reported for the two groups. (a) ECG Lead I: the first convolutional layer seems to highlight age differences of the T-wave peak. (b) PPG Tibial Artery: the first convolutional 

layer seems to highlight age differences in timing of the systolic peak. (c) PPG Brachial Artery: the first convolutional layer seems to highlight age differences in the inflection 

point. 

Fig. 9. Lead I ECG and Single PPG site, cross-validated, average (and related standard error) testing-set mean squared error (MSE, evaluated on normalized age) as a function 

of the locations where measurements were performed for the different regressor employed. Root mean square error (RMSE) expressed in years is also reported for the 

smallest and largest MSEs (evaluated on normalized age) retrieved. 



A.M. Chiarelli, F. Bianco and D. Perpetuini et al. / Medical Engineering and Physics 73 (2019) 39–50 49 

r  

p  

f  

t  

fi  

a  

m  

t  

v  

c  

t  

w  

d  

v  

s  

p  

a  

o

 

d  

p  

y  

P  

c  

h  

n

 

c  

d  

e  

r  

h  

d  

p

 

c  

P  

s  

p  

i

 

m  

i  

a  

t  

t  

c  

i  

r  

i  

t  

c  

w  

f  

c  

p  

p

5

 

s  

r  

W  

w  

T  

s  

E  

r  

a  

a  

u  

a

 

l  

l  

l  

c

C

 

i

F

 

E  

a

E

R

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

espect to the R-wave peak, i.e., the average time-of-flight of the

ulsation wave should be constant as a function of the heartbeat

requency, avoiding any meaningful signal distortion employing

he developed analysis. The larger (unavoidable) variability in the

rst and in the last part of the averaging period can be shifted

t the start or at the end of the evaluation time window by

odifying the interval, with respect to the ECG R-wave peak, of

he assessment of the average PPG pulse. However, the increased

ariability in the early diastolic and the late post-systolic phase

annot be avoided through a simple averaging procedure. In fact,

he PPG features for the feature-based analysis were selected

ere the confidence interval was particularly small, i.e., from the

iastolic peak to the early post-systolic phase. Possible heart-rate

ariability effects may be accounted for by employing higher-order

tatistics (beyond first order analysis, i.e., average) of the single

ulses. Although the current work focused on first order (average)

nalysis of R-wave peak locked average PPG pulsation, a higher

rder analysis may be conducted in future works. 

It should be further stressed that the aim of the study was in-

eed not age prediction. In fact, there are several procedures to

redict age which are more accurate than the PPG-ECG based anal-

sis reported here. However, accurate age prediction based on ECG-

PG, given the PPG-ECG sensitivity to cardiac and vascular status,

an be utilized to create narrow normal ranges charts that can be

ighly sensitive for identifying outliers, thus being indicative of ab-

ormal cardiovascular condition at a given age. 

Furthermore, we should comment here that it was explicitly

hosen to not include female volunteers in the study. In fact,

ue to hormonal differences, f emale cardiovascular status is differ-

nt than male cardiovascular status [53] . Thus, a different normal

ange charts should be constructed for such a population (which

appens often in medicine, e.g., height or weight charts). We in-

eed expect in future studies to extend this approach to female

opulation. 

The described procedure can provide a cardiovascular related

hart which is not only multivariate, but directly a function of the

PG and ECG signals (through the DCNN machinery). The cost of

uch powerful procedure is indeed the difficult physiological inter-

retation, i.e. the output is a complex multivariate function of the

nputs. 

DCNN self-selection of the features of interest in a data-driven

anner, generally requires large data-set to avoid over-fitting dur-

ng training. In this work, since a limited number of subjects were

cquired, an augmentation procedure was implemented to dampen

he overfitting problem [43] . Although data augmentation seemed

o work in dampening overfitting, further research, dealing with

ombining PPG and ECG recordings with advanced machine learn-

ng procedures for estimating arterial stiffness and cardiovascular

isk, should indeed focus on increasing the numerosity of the train-

ng data-set beyond this study. This would allow to definitely es-

ablish age-matched normal ranges. Moreover, similar procedures

ould be applied to find relation of PPG and ECG characteristics

ith other cardiovascular risk factors such as hypertension and

amily history of cardiovascular disease. The proposed algorithm

ould be also employed as classifier, rather than regressor, to find

ossible diagnostic and prognostic capabilities when applying the

rocedure to populations with established cardiovascular diseases. 

. Conclusion 

We employed a DCNN in the regression problem of predicting

ubject’s age from pulse average multisite PPG and single lead ECG

ecordings in a healthy male population (age range: 20–70 years).

e obtained accurate age prediction of only 7 years of RMSE,

ith performances superior to other feature-based approaches.

he data-driven self-selected features of the DCNN encompassed
everal recognized age-changing characteristics of the PPG and

CG ranging from changes in time of PPG systolic peak with

espect of the ECG R-wave, shape of the post systolic PPG phase

nd changes in the ECG T-wave. The demonstrated accuracy in

ge prediction of the machinery in the healthy population may be

seful for generation of age-matched normal ranges and for the

ssessment of departure from these ranges in vascular diseases. 

Combining PPG and ECG recordings with advanced machine

earning procedures could also be applied to explore possible re-

ations of PPG and ECG signals with other measurable cardiovascu-

ar risk factors. The proposed procedure could be also employed as

lassifier in populations with established cardiovascular diseases. 
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