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Pulse Wave Velocity (PWV) is a widely recognized non-invasive biomarker of arterial stiffness and an 
independent predictor of cardiovascular risk, including atherosclerosis, hypertension, and vascular 
aging. Accurate, accessible estimation of PWV is, therefore, critical for early cardiovascular health 
detection and monitoring. This study proposes a novel data-driven approach for PWV estimation 
using features derived from Limited Penetrable Weighted Visibility Graphs (LPWVGs) constructed 
from photoplethysmography (PPG) waveforms and their first and second derivatives. By generating 
multiple LPWVGs with diverse weighting strategies, we capture the PPG signal’s rich temporal and 
morphological characteristics. A wide range of features was extracted, including descriptors from two-
dimensional Semi-Classical Signal Analysis (SCSA), frequency-domain features, and morphological 
shape and local variation metrics. These were used to train an Explainable Boosting Machine (EBM), 
a glass-box machine learning model combining strong predictive power and interpretability. The 
proposed method was evaluated using positive and negative testing on real multicycle PPG datasets. 
The results demonstrate high accuracy and robustness, obtaining an R2 = 0.91 and RMSE = 0.34 
in the positive test and a RMSE = 1.49 for the negative test. These results support the feasibility 
of this approach for non-invasive PWV estimation in clinical and ambulatory settings, with potential 
applications in cardiovascular disease screening, risk stratification, and aging research.

Cardiovascular disease (CVD) is the leading cause of death globally1, with hypertension being a major modifiable 
risk factor that contributes to cardiovascular and renal complications. Globally, approximately 33% of adults 
aged 30-79 years are affected by hypertension, defined as systolic blood pressure (SBP) ≥140 mmHg or diastolic 
blood pressure (DBP) ≥90 mmHg, or the use of antihypertensive medications. Alarmingly, elevated SBP levels, 
even starting at 110–115 mmHg, are associated with increased risk of cardiovascular morbidity and mortality. 
High SBP was identified as the leading global risk factor for mortality in 2019, with an estimated 10.8 million 
deaths (19%) potentially preventable through adequate blood pressure control2,3. With advancing age, structural 
and functional changes in the vasculature, collectively referred to as vascular aging, lead to increased arterial 
stiffness (AS), which plays a central role in the pathophysiology of isolated systolic hypertension and elevated 
pulse pressure4,5.

Among the available biomarkers, arterial stiffness has gained prominence over the past two decades as one of 
the most powerful and independent predictors of cardiovascular risk6. In particular, carotid-femoral Pulse Wave 
Velocity (cf-PWV) is recognized as the clinical gold standard for non-invasive assessment of AS, with robust 
evidence linking elevated cf-PWV to all-cause and cardiovascular mortality7–10. PWV is defined as the speed 
at which the pressure wave propagates along the arterial tree and is typically calculated by dividing the distance 
between two arterial sites by the time the wave takes to travel that distance11–13. However, its measurement 
remains technically challenging and susceptible to operator-dependent errors, limiting its routine application 
in clinical settings14. The accuracy of traditional measurement approaches largely depends on the training and 
proficiency of healthcare professionals15.

To overcome these limitations and improve measurement accuracy, different solutions have been studied to 
improve the estimation of PWV. For example, in 2022, Xu et al.16 proposed to estimate Carotid-femoral PWV 
based on a simplified tude-load model that allows a model of the propagation and the reflection of the pulse wave. 
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In 2023, Park et al.17 proposed the estimation of aortic PWV using 4D flow MRI images and a cross-correlation 
algorithm, allowing regional PWV estimation. In addition, in 2024, Yang et al.14 used a semi-automatic Doppler 
ultrasound-based method for regional Carotid-femoral and Femoral-ankle PWV estimation. Recently, data-
driven approaches leveraging photoplethysmography (PPG) signals have gained increasing attention. The main 
advantage of PPG-based methods lies in their non-invasive and easy-to-implement nature, which addresses 
several key drawbacks of conventional techniques. Traditional PWV estimation requires the simultaneous 
acquisition of pulse wave signals from two arterial sites — a technically complex, operator-dependent, and often 
invasive procedure.

In contrast, PPG-based methods enable single-site signal acquisition, significantly reducing setup complexity 
and operator dependency. Moreover, the ability to record PPG signals non-invasively and with minimal effort 
opens the door to routine clinical use and continuous monitoring through wearable devices such as smartwatches 
and fitness trackers18. For example, Bahloul et al.19 introduced a machine learning-based method using a 
multilayer perceptron trained on features extracted from the PPG waveform and its derivatives to estimate Pulse 
Wave Velocity (PWV). Another study by Weiwei et al. cites Jin proposed two machine learning pipelines—
Gaussian Process Regression and Recurrent Neural Networks—to estimate carotid-femoral PWV (cf-PWV) 
from radial blood pressure waveforms measured via applanation tonometry.

Following these developments, Vargas et al.20 investigated Semi-Classical Signal Analysis (SCSA) features 
derived from both blood pressure (BP) and PPG signals, using a linear regression model to predict PWV, 
explicitly focusing on measurements from the carotid to femoral arteries. In a separate study, Vargas et al.21 
proposed a novel approach by transforming PPG signals into spectrogram images and extracting image-based 
features for PWV estimation. Their results underscored the potential of signal-to-image transformation in this 
domain.

Additionally, Vargas et al.22 introduced a binary visibility graph approach using the binary adjacency matrix 
within a transfer learning framework for PWV estimation. Hellqvist et al.23 proposed a set of novel fiducial-
point-based features, which were then used as inputs to LASSO and Random Forest models for the estimation 
of cf-PWV and aortic PWV (aoPWV).

More recently, Pilevar et al.24 extended the signal-to-image paradigm by employing a deep learning 
architecture based on convolutional neural networks (CNNs) and attention mechanisms to estimate PWV from 
spectrogram images. Debuchy et al.25 proposed combining PPG signals acquired from different body sites and 
extracted features based on fiducial points from the PPG and its derivatives.

Finally, Vargas et al.26 introduced a novel method combining visibility graphs (VG) and image processing 
techniques applied to both in-silico and real datasets. However, due to the scarcity of high-quality, real-world 
data, many of these studies relied on single-cycle in-silico PPG datasets, which may limit the generalizability of 
their findings.

In this study, we propose a comprehensive framework for PWV estimation based on multicycle PPG signals 
and their first and second derivatives, which provide insights into signal velocity and acceleration. This approach 
leverages the physical interpretation of the PPG derivatives, which carry valuable information related to PWV19, 
and combines it with the representational power of the Limited Penetrable Weighted Visibility Graph (LPWVG) 
adjacency matrix offering a rich representation of the inner dynamics of the PPG and effectively capturing the 
intrinsic behavior associated with PWV.

Additionally, we employ glass-box models, such as the Explainable Boosting Machine (EBM), which enhance 
interpretability and support robust model evaluation. Using positive and negative testing further strengthens 
the assessment of model performance in realistic scenarios. We compare our results with several state-of-the-art 
PPG-based methods for PWV estimation, demonstrating our approach’s effectiveness and clinical relevance.

Methodology
Figure 1 illustrates the pipeline proposed for PWV estimation. First, the signal is obtained from the radial artery, 
and its first and second derivatives are computed. Next, the original signal and its derivatives are transformed into 
images using a visibility graph with the proposed weighting schemes. Finally, for each image, three features—
based on shape, texture, and energy—are extracted and fed into an Explainable Boosting Machine (EBM) to 
estimate the PWV.

Dataset
The proposed methodology is validated using simulated in-silico signals and real PPG multicycle signals to 
assess the performance under various scenarios.

Real PPG dataset
The real-world dataset includes pulse wave velocity (PWV) measurements, which serve as indicators of central 
artery stiffness, along with pulse wave recordings for the PWV was acquired using the SphygmoCor device. 
The associated PPG signals were recorded at the finger with a sampling frequency of 200 Hz for 5 minutes per 
patient to ensure minimal discomfort. The PPG signal acquisition was done using the BM3000B oximeter and 
the cardioSensys acquisition SW. This PPG signal is obtained from the infrared LED operating at 940 nm. The 
dataset consists of recordings from 35 subjects aged between 35 and 73.

In-silico dataset
Due to the lack of real hemodynamic data for validating and testing PWV estimation frameworks, previous 
studies21,24,25 have relied on a public in-silico hemodynamic database to evaluate the performance of their methods 
(https://peterhcharlton.github.io/pwdb/index.html). This dataset was generated using a one-dimensional model 
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that simulates pulse wave signals at various arterial locations. The model accounts for different cardiovascular 
properties such as age, heart rate, blood density, and arterial diameter, among other parameters27.

The database includes 4,374 virtual healthy adults, aged between 25 and 75 years, grouped into six 10-year 
age intervals. Heart rates range from 66 to 86 bpm, and all signals were generated at a sampling frequency of 500 
Hz. Each age group comprises 729 virtual subjects with distinct cardiac and arterial characteristics, including 
arterial stiffness and heart rate variations within normal physiological ranges.

In this study, PPG waveforms from the radial artery were used to construct visibility graphs and estimate 
PWV.

 Data pre-processing
Data filtering
A data filtering method has been implemented to enhance the quality of PPG signals. Recent research28 has 
indicated that employing an 18th-order pass-band Chebyshev II filter with a low-cut frequency of 0.5 Hz 
and a high-cut frequency of 10 Hz ensures the preservation of the physiological information carried by the 
signals. Additionally, for each subject, we selected the best 30-second segment of the recording where the signal 
exhibited no apparent noise or abnormal behavior such as motion artifacts. From this segment, we generated 
10 nonoverlapping windows of 3 seconds in length. Features were extracted from each window individually, 
and the median value across all windows for each feature was computed. This approach provided a robust and 
representative feature vector per subject, minimizing the influence of transient noise or outliers in the signals.

Derivatives computation
After filtering the data, the first and second derivatives of the PPG signal (P P G′ and P P G′′) were computed 
as shown in Fig.  2. This preprocessing step is inspired by previous studies19,25, highlighting the importance 
of PPG derivatives for extracting key information related to the velocity and acceleration of the underlying 
physiological processes. Incorporating these derivatives has enhanced model performance by capturing more 
complex information about the blood flow behavior shown by the PPG signal.

Visibility graph method
To transform PPG waveforms into images, we propose using a technique called the Visibility Graph (VG). This 
method converts time series into networks, capturing the underlying dynamics of the signal in the resulting 
network topology. The core idea of the VG representation is to treat each data point in the original signal as a 
node. Edges are then established between nodes based on a visibility criterion applied to the signal29,30.

Let y = [y1, · · · , yT ] represent a time series of T points, two points (ta, ya) and (tb, yb) are considered 
naturally visible to each other if every intermediate point (tc, yc), such that ta < tc < tb, satisfies the following 
visibility criteria if: (Eq. 1 and Fig.3).

	
yc < ya + (yb − ya) tc − ta

tb − ta
,� (1)

i.e., we can draw a straight line between them without any intersection.
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Fig. 1.  Pulse wave velocity estimation based on Limit Penetrable Weighted Visibility Graph (LPWVG) and 
image processing feature extraction wave images. The proposed framework takes the signal obtained from 
the radial artery and computes the first two derivatives. Then, the three signals are transformed into images 
using a visibility graph and the different weights proposed. Finally, for each image, a set of three different 
types of features based on shape, texture, and energy are extracted and fed into an EBM (Explainable Boosting 
Machine) to estimate the PWV.
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Remark  An undirected and unweighted graph is constructed from the signal, where each node represents a 
data point, and edges indicate the visibility between pairs of nodes.

Signal to image transformation
As mentioned above, this project explores a novel signal-to-image transformation based on the visibility graph 
for PWV estimation. The transformation involves constructing an adjacency matrix A of size T × T , where T is 
the length of the PPG signal. In this representation, Ai,j = 1 if the points (ta, ya) and (tb, yb) are visible to each 
other according to the visibility criterion, and Ai,j = 0 otherwise (Fig. 3).

Figure 4 illustrates the process of generating images based on the visibility criterion in greater detail. As 
shown, the edges near the image’s corners represent long-term relationships between points in the signal. In 
the context of this project, such relationships allow us to analyze interactions between different PPG cycles—a 
valuable advantage, as multicycle dynamics have been shown to play an essential role in vascular compliance. In 
contrast, points near the diagonal capture short-term relationships, reflecting rapid events within a single cardiac 
cycle. This makes the visibility graph a powerful representation for converting signals into images. Consequently, 
extracting image-based features that capture key aspects such as shape, texture, and energy comprehensively 
describe the underlying dynamics in the PPG recording.

Permeability parameter selection
One of the key strengths of visibility graphs is their inherent ability to provide a robust representation of the 
signal, even in the presence of noise31. This robustness is achieved through a permeability parameter (p), which 
allows two nodes in the graph to be connected even if one or more data points lie between them.

The value of p defines the number of intermediate data points that can be ignored when evaluating the 
visibility between two nodes. When p = 0, the traditional visibility graph is obtained, where no intermediate 
points are allowed. Higher values of p enable the graph to overlook one or more intermediate points—potentially 

Fig. 2.  Comparison of photoplethysmography (PPG) signals and their derivatives from real and in-silico 
datasets. (a–c) Multicycle real PPG signal and its first and second derivatives, showing natural variability 
and noise representative of physiological conditions. (d–f) In-silico PPG signal and its derivatives exhibiting 
smoother and idealized waveform characteristics. The first derivatives emphasize the rate of change in signal 
amplitude, while the second derivatives highlight inflection points and subtle waveform features. While in-
silico signals are valuable for controlled modeling and initial algorithm development, the real PPG data are 
essential for evaluating performance under realistic conditions, capturing inter-cycle variability, and biological 
noise important for robust and clinically relevant analysis.
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caused by noise—thus preserving meaningful connections. However, it is essential to note that increasing p may 
also introduce additional connections in regions where none previously existed, potentially altering the graph’s 
structure.

In addition, as discussed in32, higher values of p improve the ability of the VG to capture long-term 
relationships between the different points of The PPG allows for capturing the relationship between cycles, 
increasing the amount of information the graph captures.

Weighting selection
However, for certain types of applications, it has been shown that assigning different weights to the edges can 
enhance the graph representation (Fig. 5), allowing a more precise capture of the relationships between the values 
of a signal. While unweighted graphs capture only the presence or absence of visibility between signal points, 
giving the same value to each connection, weighted visibility graphs incorporate quantitative information about 

Fig. 4.  Signal-to-image transformation using a visibility graph approach. (Left) A photoplethysmography 
(PPG) signal is visualized with visibility connections drawn between data points that satisfy the natural 
visibility criteria. (Right) The corresponding colored adjacency matrix encodes these connections, where each 
color represents different visibility relationships among nodes (signal points). This transformation enables the 
conversion of temporal signal characteristics into a structured image format, facilitating subsequent analysis 
using image-based or deep-learning methods.

 

Fig. 3.  Visibility graph construction using the natural visibility criteria. The left panel illustrates the 
transformation of a time series into a graph by connecting data points (nodes) with straight lines when no 
intermediate point obstructs the line of sight — a condition defined by zero penetrability. The resulting graph 
structure is shown in the right panel, where nodes represent time series points, and edges indicate visibility 
connections. This technique enables the mapping of temporal dynamics into complex network structures, 
allowing time-series analysis through graph-theoretical metrics and providing insights into the signal’s 
structure, periodicity, and hidden patterns.
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the strength or nature of these connections, giving different numerical values to the connections. This allowed 
for improving the capacity of the visibility graph representation to capture subtle changes in the PPG waveform 
intensity and time evolution that can improve the pulse wave velocity estimation. In this project, multiple 
visibility graph representations were computed for each PPG signal and its derivatives using the following 
weights (as can be seen in the Fig. 1):

•	 Euclidean distance: This metric defines the weight of the edges based on the Euler distances between the two 
visible points. This weight has the characteristics of incorporating both time and intensity differences between 
the two points. This allows us to capture more complete information about the morphology of the signal. 

	 ECwi,j =
√

(yb − ya)2 + (tb − ta)2.� (2)

•	 Square Euclidean distance: This metric defines the weight of the edges based on the square Euler distances 
between the two visible points. Similarly to the Euclidean distance, this weight combines the distance infor-
mation in time and intensity. However, in this case, more considerable distances are emphasized compared 
to the regular Euclidean metric, making distant points contribute more heavily. This allows us to understand 
how distant points interact with each other. 

	 SECwi,j = (yb − ya)2 + (tb − ta)2.� (3)

•	 Vertical distance and absolute vertical distance: These metrics define the weight of the edges based on the 
intensity difference (Vw) and the absolute intensity difference (AVw) between the two visible points. These 
weights capture variations in the intensities, giving information about the topological structure of the signal. 
The main difference between the two metrics is that while Vw differentiates if the points are higher or lower 
than the point studied, AVw threatens the upward and downward movement equally. 

	 V wi,j = yb − ya.� (4)

	 AV wi,j = |yb − ya| .� (5)

•	 Horizontal distance and absolute horizontal distance: These metrics define the weight of the edges based on 
the time difference (Hw) and the absolute intensity difference (AHw) between the two visible points. For this 
reason, these weights capture the time relation between the points, giving more weight to the more signifi-
cant time difference between the two visible points. This plays an essential role in studying the causality and 
dynamic evolution of the signal. The weights Hw allow us to examine how different points in the past affect 
the current point and how the current point will affect the future evolution of the signal. In contrast, AHw 
captures the sparsity in time of the signal by removing the directional influence, treating forward and back-
ward time steps the same. 

	 Hwi,j = tb − ta.� (6)

	 AHi,j = |tb − ta| .� (7)

Fig. 5.  Different weights for the visibility graph’s adjacent matrix representation of the multicycle PPG signal. 
(a) Unweighted. (b) Horizontal distance. (c) Vertical distance. (d) Absolute angle of view. This image represents 
some examples of the weights used in the project; as we can see, the image obtained is no longer binary, as in 
the case of (a). In addition, each different weight type will focus on different characteristics from the visibility 
graph, such as time relationships or intensity differences between points. This new information will help 
extract richer information from the underlying dynamics of the PPG signals.
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•	 Slope and absolute slope: This metric defines the weight of the edges based on the slope (Sw) and the absolute 
slope (ASw) between the two visible points. In other words, these weights represent the rate of change between 
two visible points, capturing steepness and direction. These characteristics give a strong representation of the 
trend and the morphology of the signal, where, in the case of Sw, the direction of the change is captured. At 
the same time, for ASw, there is no difference in the direction of the change, only focusing on the amount of 
change. 

	
Swi,j = yb − ya

tb − ta
.� (8)

	
ASwi,j =

∣∣∣yb − ya

tb − ta

∣∣∣ .� (9)

Feature extraction
The feature extraction process applied in this project (Fig. 1) involved computing four types of features 
(frequency, shape, morphological, and energy) across all visibility graph representations generated using the 
various weighting strategies described in Section “Weighting selection”. After feature computation, all features 
extracted from each weighted graph are concatenated, representing different independent features. This approach 
gives as results a rich, multi-perspective representation of each signal, where the contribution of each weighting 
strategy helps to enhance the capacity to estimate the Pulse Wave Velocity.

Shape-based features:
Hu’s moments and Zernike’s moments are known features in image processing that describe the shape of 
different objects in an image by defining the pixel distribution of the object within an image. By combining Hu’s 
moments for global shape information and Zernike’s moments for localized shape information, this study aims 
to comprehensively describe the shape of the PPG image representation.

Hu’s moments Hu’s moments are invariant moments that capture an object’s global shape and morphology 
characteristics33. They have been widely used for shape recognition and object matching, demonstrating 
remarkable robustness against translation, rotation, and scale variations34,35. These moments are composed of 7 
orthogonal moment invariants that are described as follows:

	 I1 = η20 + η02 � (10)

	 I2 = (η20 − η02)2 + 4η2
11 � (11)

	 I3 = (η30 − 3η12)2 + (3η21 − η03)2 � (12)

	 I4 = (η30 + η12)2 + (η21 + η03)2 � (13)

	

I5 = (η30 − 3η12)(η30 + η12)[(η30 + η12)2

− 3(η21 + η03)2] + (3η21 − η03)(η21 + η03)
[3(η30 + η12)2 − (η21 + η03)2]

� (14)

	

I6 = (η20 − η02)[(η30 + η12)2 − (η21 + η03)2]
+ 4η11(η30 + η12)(η21 + η03)

� (15)

	

I7 = (3η21 − η03)(η30 + η12)[(η30 + η12)2

− 3(η21 + η03)2] + (η30 − 3η12)(η21 + η03)
[3(η30 + η12)2 − (η21 + η03)2],

� (16)

where ηpq corresponds to the normalized central moments from the image, defined as:

	

ηpq =
∑M

x=1

∑N

y=1(x − x)p(y − y)qI[x, y](∑M

x=1

∑N

y=1 I[x, y]
)γ

with γ = p + q

2 + 1, ∀p + q ≥ 2

� (17)

where p, q = 0, 1, 2, 3, . . ., where p, q are non-negative integers and (p + q) is called the order of the moment. 
x and y represent the coordinates of the centroid of the image.

Zernike’s moments Zernike’s moments constitute a set of orthogonal polynomial moments defined over the 
interior of the unit disc in polar coordinates space, offering a concise representation of an image’s shape, robust 
to different transformations such as the rotation of the objects in the image. These moments excel at capturing 
local shape information and distinguishing subtle variations in the shapes of an image33,36. The Zernike moments 
for a digital image I are defined as follows:
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Zn,m = m + 1

π

M∑
x=1

N∑
y=1

I[x, y] V ∗
n,m(r, θ)� (18)

where n is a nonnegative integer related to the order of the momentum and m is the repetition. These two values 
follow n − |m| is even, and |m| ≤ n. In addition, V ∗

n,m is the complex conjugate of Zernike polynomial Vn,m 
defined as :

	 Vn,m(r, θ) = Rn,m(r) ejmθ � (19)

where Rn,m is the radial polynomial defined as:

	

Rm
n (r) =

n−|m|
2∑

s=0

(−1)s (n − s)!

s!
(

n + |m|
2 − s

)
!
(

n − |m|
2 − s

)
!

rn−2s
� (20)

Morphological-shape
In this study, the threshold adjacency statistics (TAS) features proposed by37 were used for local morphology 
feature extraction. This method has been used as feature extraction for different image processing applications 
such as microcalcification detection38 or breast cancer classification39. The main idea of TAS is to threshold an 
image based on the mean intensity and count the number of white pixels that present the patterns shown in the 
Fig. 6.

Then, based on this, six different thresholds are used, generating 54 TAS features.

Frequency-based features:
In this study, Wavelet packet features were employed for frequency-based analysis. The 2-D Wavelet Packets 
(WP) decomposition represents a simple modification of the 2-D Discrete Wavelet Transform (DWT), offering 

Fig. 6.  Representative 3 × 3 binary pixel patterns used to compute the 9 Texture Analysis Statistical (TAS) 
features for each threshold level. Each pattern corresponds to a specific spatial configuration of black 
(foreground) and white (background) pixels within a local neighborhood. These patterns are designed 
to capture variations in local morphology and structure across the image. They are used as the basis for 
calculating statistical descriptors that characterize image intensity, uniformity, and contrast under different 
threshold conditions.

 

Scientific Reports |        (2025) 15:31325 8| https://doi.org/10.1038/s41598-025-16598-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


a richer space-frequency representation for image processing40. This enhancement arises since each sub-image 
derived from the standard 2-D DWT is further decomposed into four additional sub-images, known as DWPT 
coefficients. For example, statistical measures such as the mean and standard deviation of these coefficients 
provide insights into both the micro-textures (local texture) and macro-textures (global texture) of an image.

At is define in, the 2D-WP of a image I up to level P + 1 with P ≤ min(log2N, log2M) as:

	
Cp+1

4k,(i,j) =
∑

m

∑
n

h(m)h(n)Cp
k,(m+2i,n+2j) � (21)

	
Cp+1

4k+1,(i,j) =
∑

m

∑
n

h(m)g(n)Cp
k,(m+2i,n+2j) � (22)

	
Cp+1

4k+2,(i,j) =
∑

m

∑
n

g(m)h(n)Cp
k,(m+2i,n+2j) � (23)

	
Cp+1

4k+3,(i,j) =
∑

m

∑
n

g(m)g(n)Cp
k,(m+2i,n+2j) � (24)

, where C0
0  is the image I  and k, is an index of the nodes in the wavelet packet tree denoting each subband. At 

each step, the image Cp
k  is decomposed into four quarter-size images Cp+1

4k , Cp+1
4k+1, Cp+1

4k+2, Cp+1
4k+3.

These DWPT coefficients allow us to study the image patterns under different resolutions and orientations, 
providing a robust method to capture macro-texture related to the first levels of the wavelet packet features and 
micro-textures that the last levels of the wavelet packet features will describe. In this project, three levels of WP 
features were used to characterize the texture presented by the visibility graph image representation of the PPG 
signal.

SCSA-based features:
The SCSA (Semi-Classical Signal Analysis) method is a signal processing technique based on the adaptive 
decomposition of signals into a set of squared eigenfunctions of the Schrödinger operator41. This approach has 
been successfully extended to image processing, showing strong performance as a feature extraction method 
for PWV estimation20,21. The core idea behind the extracted features is to leverage a set of spectral parameters 
derived from the original signal—specifically, the eigenfunctions and their corresponding eigenvalues obtained 
from the Schrödinger spectrum, as follows:

Let I(x, y) be a positive real-valued square matrix, the image representation I2h of I(x, y) using the 2D-SCSA 
is defined as follows:

	
I2h(x, y) =

[
h2

Lcl
2,γ

Mh∑
m=1

(−λmh)γψ2
mh(x, y)

] 1
γ+1

� (25)

where h ∈ R∗
+ is known as the semi-classical signal parameter, γ ∈ R+ will be used to change the intensity 

of the pixels during the reconstruction to increase the contrast. λ1h, λ2h·, λMhh are the negative eigenvalues, 
and Ψ1h, Ψ2h, . . . , ΨMh  correspond to their associated L2-normalized eigenfunctions (m = 1, . . . , Mh the 
number of eigenvalues) of the two-dimensional semi-classical Schrödinger operator described as follows:

	
H2,h(I)ψ = −h2(∂2ψ

∂x2 + ∂2ψ

∂y2 ) − Iψ� (26)

and Lcl
2,γ  is the suitable semi-classical constant defined as:

	
Lcl

2,γ = 1
(2

√
π)2

Γ (γ + 1)
Γ (γ + 2) � (27)

where Γ is the Gamma function.
Features extracted for the spectral parameters have proven highly effective in providing valuable insights into 

the image’s energy and global and local morphology. Moreover, one of the key advantages of these features lies 
in their robustness against noisy data, attributed to the inherent capacity of SCSA to handle such noise20,42,43. 
Specifically, the SCSA features have demonstrated a remarkable ability to capture pertinent information from 
PPG signals that strongly correlate with PWV values20,21, underscoring their importance. Therefore, in this 
study, we propose to extract a predefined set of spectral parameters calculated previously in20, defined as

	
INV1 =4h

Nh∑
n=1

Mh∑
m=1

κh[m, n] � (28)

	
INV2 =16h

3

Nh∑
n=1

Mh∑
m=1

κh[m, n]3 � (29)
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INV3 =256h

7

Nh∑
n=1

Mh∑
m=1

κh[m, n]7 � (30)

	 κ[m, n]h = (−λmh)γ � (31)

	
Kn = 1

Mh

Mh∑
m=1

κh[i, n], � (32)

	
En = 1

Mh

Mh∑
m=1

(κh[i, n])
1
γ n = [1, 2, 3] � (33)

	
Rh =κ1h

h
, MRh = median(κmh)

h
� (34)

Finally, the features used in this project are summarized in Table 1.

Feature selection
Feature selection is a crucial step in machine learning and data analysis, aimed at improving model performance 
by focusing on the most informative variables, reducing complexity, and enhancing interpretability. In this 
project, feature selection was performed by identifying the top K features based on their correlation with PWV. 
Multiple correlation methods—Pearson, Spearman, Kendall, and Xicor—captured various relationships between 
features and PWV. Each method was used independently to select its top K features, leveraging their respective 
strengths in identifying linear, monotonic, or nonlinear dependencies.

To ensure diversity and avoid redundancy, any feature that appeared among the top K of more than one 
method was included only once in the final set. In this project, the top 8 features were selected from each 
correlation method, resulting in a combined set of 32 unique features, as presented in Table 2.

As can be observed in Table 2, the selected features were grouped based on their origin to better understand 
their contributions to PWV estimation. The majority of features selected were morphological-based, particularly 
Threshold Adjacency Statistics (TAS) and Zernike’s Moments, reflecting their ability to capture detailed local 
shape variations and structural characteristics of the PPG waveform. Additionally, several slope and distance-
based metrics derived from the original signal and its derivatives underline the significance of waveform 
derivatives, as these features offer insights into signal velocity and acceleration. Notably, features extracted from 
second derivatives, such as the absolute slope and vertical distance metrics, emerged frequently, underscoring 
their crucial role in providing additional physiological insights into vascular stiffness.

Machine learning models
The Explainable Boosting Machine (EBM) model was then employed for predictions. This ML model 
belongs to the class of glass-box machine learning methods, a subset of ML models based on the Generalized 
Additive Models (GAMs) family, designed to balance the trade-off between high predictive performance and 
interpretability. It is an ideal choice for medical applications where understanding the relationship between 
features and predictions is crucial, as it allows us to be more secure about the findings given by the models44. 
The main idea of this method is to construct interpretable models by combining boosted, shallow decision 
trees to estimate the contribution of each feature in the prediction and interactions between selected features. 
This approach enables the model to capture complex, nonlinear relationships while maintaining a structure that 
allows each feature’s contribution to be explicitly visualized and understood. Furthermore, EBM incorporates 
bagging and boosting techniques to ensure robustness and achieve competitive performance comparable to 
state-of-the-art black-box models while significantly reducing the risk of overfitting45.

To validate our choice of EBM, we conducted a comparative evaluation with several other regression models, 
including both glass-box models—LassoCV, ElasticNetCV, Bayesian Ridge, and Gamma Regressor—and more 

Feature Type Feature Name Description

Shape-based
Hu’s Moments Global shape features, invariant to translation, rotation, and scale.

Zernike’s Moments Localized shape features using orthogonal polynomials for fine-grained shape characterization.

Morphological-based TAS Local morphological features based on pixel connectivity for local morphology characterization.

Frequency-based Wavelet Packet Features Statistical measures (mean, std.) from 2D Wavelet Packet Transform, capturing texture.

SCSA-based

INV1 , INV2 , INV3 Invariants derived from eigenvalues.

Kn Average spectral parameter per eigenvalue.

En Normalized energy from eigenvalues.

Rh Ratio of the first eigenvalue to the SCSA parameter h.

MRh Median ratio of eigenvalues scaled by h.

Table 1.  Summary of Features Used in the Study.
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complex black-box models such as Random Forest, Gradient Boosting, and Support Vector Regressor (SVR). All 
models were trained on the same feature set, using consistent training procedures, and evaluated on the real PPG 
test data using R-squared (R2) and Root Mean Square Error (RMSE) as performance metrics.

As shown in Table 3, the EBM model achieved the highest R-squared (0.91) and the lowest RMSE (0.34), 
indicating the best performance in both explained variance and prediction error. This superior performance, 
coupled with its interpretability and robustness, indicates to us the selection of EBM as the preferred model for 
this study.

Model R-squared RMSE

Explainable Boosting Machine (EBM) 0.91 0.16

LassoCV 0.61 0.58

ElasticNetCV 0.68 0.52

Bayesian Ridge 0.76 0.45

Gamma Regressor 0.76 0.45

Random Forest 0.37 0.73

Gradient Boosting 0.01 0.92

Support Vector Regressor (SVR) 0.11 0.87

Table 3.  Comparison of model performance on the test dataset using R-squared and RMSE.

 

Category Metrics

Morphological-based (TAS features)

first_derivative_abs_slope_TAS22

second_derivative_abs_slope_TAS51

second_derivative_abs_slope_TAS21

second_derivative_abs_slope_TAS37

first_derivative_slope_TAS7

first_derivative_slope_TAS16

first_derivative_v_distance_TAS31

second_derivative_abs_slope_TAS33

second_derivative_abs_slope_TAS13

first_derivative_abs_slope_TAS52

second_derivative_abs_slope_TAS4

original_abs_slope_TAS46

second_derivative_distance_TAS50

second_derivative_h_distance_TAS50

Shape-based (Zernike’s and Hu’s moments)

second_derivative_v_distance_Zernikes_Moments_radius_9_13.1

original_abs_slope_Zernikes_Moments_radius_9_8.1

original_distance_Zernikes_Moments_radius_9_8.1

original_h_distance_Zernikes_Moments_radius_9_8.1

second_derivative_abs_v_distance_Zernikes_Moments_radius_9_10.2

second_derivative_slope_Zernikes_Moments_radius_9_2

original_abs_v_distance_Zernikes_Moments_radius_9_11.2

original_slope_Zernikes_Moments_radius_9_11.1

first_derivative_abs_slope_Zernikes_Moments_radius_9_5

first_derivative_distance_Zernikes_Moments_radius_9_5

first_derivative_abs_v_distance_Zernikes_Moments_radius_9_5

original_distance_Zernikes_Moments_radius_9_0.2

original_abs_v_distance_Zernikes_Moments_radius_9_8.1

original_v_distance_Zernikes_Moments_radius_9_14.1

second_derivative_v_distance_Hu_Moment_6

SCSA-based
first_derivative_abs_v_distance_K2sq_sum

first_derivative_abs_slope_INV1_sums

Table 2.  Feature selected in this project.
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Model training
To train the supervised machine learning models, the dataset was first divided into two separate subsets: 80% 
of the data was allocated to the training set, and the remaining 20% to the testing set. This split was performed 
randomly, with stratification where applicable, to preserve the distribution of the target variable and ensure 
a representative evaluation, as shown in Fig. 7. Both distributions span a comparable range, with a slightly 
higher frequency of values of PWV between 6 and 7 in the training set. These results confirm that the data split 
preserves the variability of the original dataset.

Prior to model training, all features were standardized using z-score normalization, transforming each 
feature to have a mean of 0 and a standard deviation of 1. This step was carried out using the statistics from the 
training set alone and then applied to the test set.

To enhance generalization and mitigate the risk of overfitting, we implemented 5-fold cross-validation within 
the training set. In this setup, the training data was further split into five folds: in each iteration, four folds were 
used to train the model, and the fifth fold was used for validation. The model’s cross-validated performance 
was averaged across all folds, ensuring robust evaluation during the training phase. Additionally, to fine-tune 
the model’s hyperparameters, we employed Bayesian optimization using the Tree-structured Parzen Estimator 
(TPE) algorithm provided by the Optuna library with the hyperparameter range defined as shown in Table 4 
This method has demonstrated strong performance in optimizing complex models such as Explainable Boosting 
Machines (EBMs)44,46,48,48. Hyperparameter tuning was conducted within the cross-validation loop to avoid bias 
in performance estimation.

Model testing and evaluation
The EBM model’s performance was evaluated using negative and positive testing strategies to assess its 
robustness and generalizability under diverse scenarios. For positive testing, the evaluation was conducted using 
two performance metrics: the R-squared (R2) value and the root mean square error (RMSE), which measures 
the agreement between the actual and predicted values and its measure in m/s20. The R-squared value quantifies 
the proportion of variance in the dependent variable that is predictable from the independent variables. At the 
same time, the RMSE provides an estimate of the magnitude of prediction errors. These metrics were calculated 
as follows:

	
R2 = 1 −

∑N

n=1(PWVnreal − PWVnpredicted)2

∑N

n=1 (PWVnreal − µ(PWVreal))2 ,� (35)

Hyperparameter Search Range Best Value

Learning Rate [0.001, 1.0] (log-uniform) 0.0458

Max Bins [32, 128] 96

Max Interaction Bins [16, 64] 43

Max Leaves [3, 7] 3

Min Samples per Leaf [5, 20] 20

Table 4.  Hyperparameter search space and optimal values obtained using TPE optimization.

 

Fig. 7.  Distribution of PWV values in the training and testing sets. The kernel density estimation (KDE) 
curves illustrate the spread and central tendency of both subsets. The training set (blue) and testing set 
(orange) cover a similar range, indicating a representative split of the data.
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RMSE =

√∑N

n=1(PWVnreal − PWVnpredicted)2

N
,� (36)

where µ is a function that evaluates the mean of PWVreal over the N subjects.
For negative testing, the RMSE metric was employed to assess the model’s robustness under conditions where 

the target labels or data were randomized. In addition to the RMSE on the original test data, the median SEP 
was calculated across multiple permutations of the target labels to represent the typical error under the null 
hypothesis. The variability in these permuted RMSEs was assessed using the standard deviation of the RMSE 
across permutations. Finally, another key metric was the RatioP erm metric, defined as the Ratio of the median 
SEP on permuted data to the SEP on original data, which was calculated as:

	
RatioPerm = Median RMSE (Permuted Data)

RMSE (Original Data) ,� (37)

a higher RatioP erm indicates a greater distinction between the model’s performance on original and permuted 
datasets, highlighting its robustness and meaningful predictive capability.

These metrics were computed for positive and negative testing scenarios to ensure a comprehensive assessment 
of the EBM model’s performance and ability to generalize under varying conditions. The combination of EBM’s 
transparent framework, high predictive accuracy, and rigorous evaluation process highlights its effectiveness for 
this study.

Results and discussion
The primary aim of this study is to investigate the potential of using multiple weighted visibility graphs—
extracted from multicycle PPG signals and their first and second derivatives—combined with image processing 
features for non-invasive PWV estimation. The results obtained from both in-silico and real PPG signals are 
compared with previous works that also estimate PWV using PPG-based methods.

In21, PWV is estimated using a spectrogram as a signal-to-image transformation, with features based on 
energy, statistics, and the Schrödinger spectrum. In49, a binary visibility graph is used with transfer learning 
for feature extraction. Furthermore,n26, a limited penetrable weighted visibility graph, combines image-based 
features.

It is essential to note that, for real PPG signals, we did not compare our approach with the method proposed 
in24, which is based on a deep learning model using CNNs and an attention mechanism. This is due to data 
limitations, as their method requires a larger dataset than what is available in our real-world recordings. 
Therefore, that comparison was performed only on the in-silico dataset.

The model’s performance and robustness on the real dataset were evaluated using both traditional 
performance metrics and negative permutation testing. This dual evaluation aims to assess the model’s predictive 
capabilities and generalization ability while minimizing the risk of overfitting. For the in-silico dataset, only 
standard (positive) testing was performed in this study.

In-silico data
Table 5 shows that the different algorithms presented a high performance for the in-silico dataset in the R2 metric, 
showing the capacity of the models to capture information coming from the PPG signal to predict the PWV. In 
addition, this also shows the capacity of the proposed method to obtain a similar performance compared with 
the state-of-the-art techniques in the in-silico dataset. Furthermore, it can be seen that the proposed approach 
presented a lower RMSE value compared to the other methods, showing a more precise estimation of the PWV. 
However, to have a more realistic idea about the performance of the proposed models, it is necessary to test it 
in real PPG signals.

Real PPG data
Positive testing
Table 6 presents the performance of the models under positive testing, which involves evaluating the models 
on the test dataset. The proposed model outperforms the other two approaches, achieving an R2 (coefficient of 
determination) of 0.91 and an RMSE of 0.34. These results highlight a noticeable drop in performance for the 
other models when applied to real PPG images, suggesting that the features effective for the in-silico dataset may 
not generalize well to real-world data.

Method R-squared RMSE (m/s)

Sprectrogram+DL24 0.99 0.21

Spectrogram+ML21 0.99 0.25

VG+DL49 0.99 0.19

VG+ML26 0.95 0.52

Ours 0.99 0.16

Table 5.  Results obtained for the in-silico PPG dataset.
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In contrast, the proposed framework demonstrates a greater ability to capture relevant information 
related to PWV, outperforming the other approaches. Across all cases, models utilizing visibility graph-based 
representations consistently yielded better results than spectrograms. This underscores the potential of visibility 
graphs as an effective signal-to-image transformation method for PPG signals in PWV estimation.

Moreover, a key advantage of the visibility graph approach is its simplicity in image generation. Unlike 
spectrograms, which require careful parameter tuning, such as window type and length, the visibility graph 
does not depend on such signal-specific adjustments. This makes it more adaptable and suitable for real-time 
applications, as discussed in21.

Furthermore, it is worth noting that among the methods using visibility graphs, the proposed approach and 
the method in26 performed significantly better than the one presented in49. One key reason for this performance 
gap may be using a weighted visibility graph instead of the binary visibility graph used in49. While the binary 
VG captures only the connectivity between data points in the PPG signal, it fails to encode differences in the 
relationships between those points. In contrast, the weighted visibility graph enhances signal representation by 
incorporating quantitative information—depending on the chosen weighting rule—that reflects the nature of 
the connection between points. This enables a more nuanced description of the signal’s morphology.(Fig. 8)

The use of multiple weighting schemes further enriches the image representation, capturing diverse aspects 
of the signal, such as time-based differences or horizontal distance between points. These enhancements 
contribute to more informative features for PWV estimation. Finally, our proposed method outperformed the 
one introduced in26, demonstrating the added value of incorporating the first and second derivatives of the 
PPG signal. These derivatives provide additional insights into the velocity and acceleration of the signal, which 
are valuable for PWV prediction19. The Explainable Boosting Machine (EBM) model also contributed to this 
improvement, offering strong predictive performance and interoperability.

To further evaluate the performance of the proposed method, we generated scatter plots and Bland–Altman 
plots for both training and testing sets (Fig. 9). The scatter plot demonstrates a strong alignment between predicted 
and actual PWV values, with data points distributed closely around the ideal agreement line. This indicates good 
predictive capability across the proposed range of PWV values. Additionally, the Bland–Altman analysis further 
provides quantitative insights into the consistency of the predictions. In the training set, the mean bias was 
small (0.073), with acceptable limits of agreement (−0.30 to 0.45), suggesting that the model predicts PWV 
consistently within reasonable error margins. Similarly, in the testing set, the model exhibited a bias (−0.119) 
and agreement range (−0.63 to 0.39), indicating that predictions remained consistent when applied to unseen 
data. These results demonstrate a reliable predictive performance; it remains essential to validate these findings 
further in larger, independent cohorts to confirm the broader applicability and generalization of the model.

Fig. 8.  Feature importance scores for the Explainable Boosting Machine (EBM) model applied to the real 
PPG dataset. The bar chart presents the top features contributing to the model’s pulse wave velocity (PWV) 
estimation, ranked by their mean absolute (weighted) score. Notably, features derived from the second 
derivative of the PPG signal—particularly those based on TAS and Zernike moments. This highlights the 
relevance of capturing the PPG waveform’s fine-grained temporal and morphological characteristics, with 
higher-order signal derivatives enhancing model performance through richer structural information.

 

Method R-squared RMSE(m/s)

Spectrogram+ML21 0.34 1.12

VG+DL49 0.42 0.69

VG+ML26 0.81 0.39

Ours 0.91 0.34

Table 6.  Results obtained for the real PPG dataset.
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Additionally, one of the main advantages of the EBM model is the interpretability that this model provides 
(Fig.8) compared to other model ML models such as MLP. Figure 8 shows illustrates the relative importance 
of the 15 best features based on the different categories of features derived from the Explainable Boosting 
Machine (EBM) model for the PWV estimation. Morphological-based features, particularly Threshold 
Adjacency Statistics (TAS),shows a very promising performance having 9 of the 15 features. Features like 
original_abs_slope_T AS46 and second_derivative_abs_slope_T AS21 ranked among the best 
features, shows the relevance to capture the variation on the local morphology of the visibility graph image 
representation. These morphological descriptors capture subtle waveform variations of the PPG that could be 
indicative of variations of arterial stiffness. This has been studied in the past50,51, as variations in waveform 
morphology correlate strongly with changes in arterial compliance and vessel wall properties, which are well-
established physiological determinants of pulse wave velocity. Shape-based features, particularly the ones obtained 
from Zernike’s Moments, such as second_derivative_abs_v_distance_Zernikes_Moments radius_9_10.2 and 
second_derivative_v_distance_Zernikes_Moments_radius_9_13.1, also showed great predictive power. These 
shape-based metrics effectively encode geometric patterns and intricate structural details of the PPG waveform, 
providing robust complementary information that enhances prediction accuracy. Additionally, Semi-Classical 
Signal Analysis (SCSA)-based features, such as first_derivative_abs_v_distance_K2sq_sum, show 
the promising results of spectral and energy-related descriptors derived from eigenfunctions and eigenvalues 
of the Schrödinger operator. These features encapsulate complex spectral characteristics of the PPG signals, 
offering deeper insights into arterial properties not easily captured by traditional time-domain analyses. Finally, 
it is worth noting that most features displayed in Fig. 8 are derived from the visibility graphs obtained from the 
first and second derivatives, indicating that information about velocity and acceleration enhances the model’s 
ability to estimate the PWV. This results in Concorde, which aligns with findings from the past19, where it was 
demonstrated that information derived from derivatives can enhance model performance, given the physical 
interpretation of the phenomenon being estimated. Another interesting finding is that most of the relevant 
features belong to the TAS features, indicating that local morphology patterns from the visibility graph provide 
reliable information that allows the estimation of PWV.

Negative testing
To further assess the robustness of the model and ensure that its predictions are not the result of chance or noise, 
negative permutation testing was performed (Table 7). The RMSE of the proposed model on the original test data 
was 0.34, representing the best performance among all evaluated methods. This value was substantially lower 
than the median RMSE obtained from the permuted data, which was 1.49. This significant difference indicates 

Metric

Values

Spectrogram+ML21 VG+DL49 VG+ML26 Ours

RMSE on original data 1.12 0.69 0.39 0.34

Median RMSE on permutation 1.72 0.73 0.94 1.49

SD of RMSE on permutation 0.17 0.18 0.16 0.12

Ratio_Perm 1.54 1.05 2.41 4.38

P_value 0.15 0.20 0.03 0.01

Table 7.  Results of the permutation analysis of the real PPG dataset. The unit of measurement of RMSE are in 
m/s.

 

Fig. 9.  Visual assessment of the EBM model’s predictive performance. (a) Scatter plot comparing actual and 
predicted cf-PWV, showing good agreement. (b–c) Bland–Altman plots demonstrating prediction consistency 
and agreement for training and testing sets, respectively.
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that the model performs considerably better on the original (correctly labeled) data than with randomized 
labels, thereby validating the model’s predictive capabilities.

Additionally, the variability of the RMSE values across the permuted datasets, as indicated by the standard 
deviation (0.03), was relatively low. This consistency further reinforces the conclusion that the model’s 
performance is not due to chance. If the model were capturing random noise, its performance would not 
significantly deteriorate when the labels are shuffled.

Moreover, the RatioP erm metric—which quantifies the Ratio between the median RMSE on permuted 
data and the RMSE on the original test data—was calculated as 4.38. This high ratio demonstrates that the 
model’s predictions on real data are more than four times more accurate than those on randomized data. These 
results provide strong evidence that the proposed model is capturing meaningful patterns in the data rather than 
overfitting to noise or spurious correlations and is, therefore, capable of generalizing to real-world scenarios.

Comparative analysis
To evaluate the effectiveness and robustness of the proposed framework, we conducted a comparative analysis 
against several state-of-the-art methods for pulse wave velocity (PWV) estimation. This evaluation included 
both positive testing on in-silico and real PPG datasets (Tables 5 and 6) and negative testing using permutation 
analysis (Table 7).

In the in-silico dataset (Table 5), all compared models achieved high R² values close to 0.99, reflecting the 
controlled nature of the simulated data. However, our proposed method obtained the lowest RMSE (0.16), 
indicating the most precise PWV estimation among the tested approaches. These results validate the effectiveness 
of our feature extraction strategy in ideal conditions. However, given the ideal conditions of the in-silico signal, 
it’s important to test the performance of the proposed approach on real data, given a more realistic approximation 
of the performance of the proposed framework in a realistic scenario.

For the real PPG dataset (Table 6), the proposed method achieved an R² of 0.91 and RMSE of 0.34, 
outperforming other visibility graph–based methods (VG+DL [50], VG+ML [27]) and spectrogram-
based approaches (Spectrogram+ML [22]), which exhibited significantly reduced accuracy compared to the 
performance on in-silico dataset. This demonstrates a great generalization ability of our framework in more 
realistic clinical scenarios.

Finally, to further validate the robustness of the proposed method, we performed negative testing via 
permutation analysis (Table 7). This approach evaluates model performance when the target variable (PWV) 
is randomly shuffled, ensuring that results are not due to chance. Our method showed a high RatioPerm value 
of 4.38, the highest among all compared methods, and a low p-value (0.01), indicating statistically significant 
performance above random. The RMSE on permuted data (1.49) was substantially higher than on the original 
data (0.34), confirming the model’s ability to learn meaningful physiological patterns rather than overfitting to 
noise.

Together, these comparative results underscore the advantages of combining multi-weighted LPWVG 
representations with diverse feature modalities (shape, morphology, frequency, and energy). The proposed 
method is not only highly accurate under controlled conditions but also performs well in real data.

Generalizability and limitations
While the proposed LPWVG-based framework for PWV estimation demonstrates strong performance on both 
in-silico and real-world datasets, it is important to consider its generalizability and clinical contexts.

The model was trained and tested on a real PPG dataset consisting of 35 individuals aged 35–73, with PPG 
signals collected under controlled conditions. Although this dataset captures relevant physiological variability, 
it represents a relatively narrow demographic and PWV values. Additionally, it does not account for important 
clinical subgroups such as individuals with arrhythmias, diabetes, or peripheral vascular disease. Therefore, the 
model’s performance in broader clinical populations, including patients with comorbidities or pediatric cases, 
remains to be validated.

Another limitation concerns the relatively small real-world dataset, which may limit the model’s ability to fully 
capture population-level variability given the narrow values of PWV presented. Although we employed rigorous 
training strategies, including stratified group K-fold cross-validation, feature selection, and permutation-
based validation, larger and more diverse datasets are essential to confirm the model’s generalization capacity. 
Moreover, this study uses only single-site PPG recordings; future work will explore multi-modal approaches 
(e.g., ECG+PPG) to further enhance accuracy and clinical reliability.

Despite these limitations, the model’s strong performance on real PPG data and its interpretability via the 
Explainable Boosting Machine (EBM) suggest promising potential for clinical translation. Future studies should 
aim to validate the framework on larger, multi-center datasets across different devices and patient populations, 
and assess its utility in continuous monitoring or disease-specific applications such as hypertension or vascular 
aging.

Conclusion and future work
In this study, we explored a novel data-driven framework for Pulse Wave Velocity (PWV) estimation using 
photoplethysmography (PPG) signals. Our results demonstrate the potential of PPG-based approaches to 
overcome limitations associated with traditional techniques, which often rely on the simultaneous acquisition of 
pulse waves at multiple arterial sites. This process is invasive, operator-dependent, and technically complex. In 
contrast, the proposed method leverages PPG’s non-invasive, low-cost, and easily deployable nature, making it 
well-suited for broader clinical and remote healthcare applications.

Looking ahead, future research will focus on several key directions to strengthen the translational impact of 
this work. First, expanding the dataset to include a more extensive and diverse patient population is essential 
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to ensure the model’s robustness across a wide range of cardiovascular profiles. Second, developing a real-
time implementation optimizing the model for deployment on wearable or mobile platforms could facilitate 
continuous monitoring of arterial stiffness in everyday settings. Lastly, integrating multi-modal physiological 
signals may enhance prediction accuracy and improve the interpretability of model outputs, ultimately advancing 
the clinical utility of non-invasive PWV estimation tools.

Data availability
Data analyzed during the current study are available from the corresponding author on reasonable request.
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