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The problem of increasing the efficiency of non-invasive express diagnostics of the functional state of the
organism based on the analysis of photoplethysmographic (PPG) signals using machine learning methods is
considered. Based on the analysis of the morphological features of the pulse wave, which contain important
information about hemodynamic processes, the feasibility of switching from the traditional analysis of the
amplitude-time characteristics of the signal to a complex approach is justified, which includes additional
extraction of spectral-phase parameters within individual cardiocycles. A method of signal preprocessing
is proposed, which includes band-pass filtering, normalization and segmentation, as well as an approach to
“soft” filtering, which allows preserving diagnostically significant features of the signal shape. The system
of amplitude-time parameters (duration of anacrota, intervals between characteristic points, area under the
curve, etc.) and spectral-phase characteristics obtained using Fourier series expansion is considered in detail.
Particular attention is paid to the procedure for selecting informative features for machine learning models. A
multi-step approach is proposed, which includes eliminating the dependence on heart rate, multicollinearity
analysis, assessing the importance of features using the permutation importance method, and interpreting
the results using the PCA and SHAP methods. It was found that the greatest contribution to the accuracy of
the models is provided by spectral-phase parameters, in particular group delay and phase shifts of harmonics,
which are directly related to the physiological properties of the vascular system. As a result, a set of features
was formed that combines the temporal and spectral characteristics of the signal and provides improved
classification and prediction quality. The results obtained confirm the prospects of using complex analysis
of PPG signals in combination with machine learning methods for medical diagnostics and human condition
monitoring.
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Introduction

The development of medical and biological ex-
press diagnostic methods is largely associated with
the transition to non-invasive, rapid, and scalable ap-
proaches for assessing the functional state of the human
body. In this context, the analysis of pulse biosignals,
which contain hidden information about hemodynamic
and biochemical processes, is of particular importance.
Unlike traditional approaches based on invasive mea-
surements or laborious anthropometric data collection,
pulse biosignals can be obtained rapidly and non-
invasively using available sensor devices.

Pulse waves, recorded by any method, comprehen-
sively reflect changes in the volume and velocity of
blood movement through the vessels and contain infor-
mation on the period of blood ejection from the cardiac
ventricles. The shape and parameters of the pulse wave

reflect the state of the blood vessels and the heart, as
well as the dynamics of intravascular and intracardiac
pressure. This makes it possible to assess the integrity
and functional activity of the regulatory centers of the
cardiovascular system. These biosignals are also used
indirectly to assess the functional integrity of the cen-
tral and autonomic nervous systems, as well as other
human organs and systems [1].

In this context, an in-depth study of the PPG
waveform is promising, since the morphological charac-
teristics of the pulse wave, such as amplitude, time, and
derivative parameters, potentially correlate with a wide
range of physiological indicators. In particular, pub-
lished studies demonstrate statistical relationships be-
tween PPG parameters and blood pressure (BP) [2-5],
glucose level [6], lipid profile (cholesterol) [7], and
other parameters. However, these results are currently
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mostly limited to the analysis of integral characteris-
tics, primarily amplitude-time (contour) parameters of
the signal, without a comprehensive in-depth study of
it as a source of informative features based on detailed
morphological analysis of the PPG pulse waveform [8].

Some approaches, for example [9], use regular
biosignal plots with a fixed number of samples for
CNN-based biosignal analysis without attempting to
isolate cardiac cycles.

Modern machine learning methods create funda-
mentally new opportunities for processing such signals.
Their effectiveness directly depends on the quality
and representativeness of the input features. In this
case, the key task is the systematic extraction of nu-
merical descriptors of the PPG signal shape (feature
extraction), which can be used as input variables for
regression and classification models. These include, in
particular, the parameters of the systolic and diastolic
phases, vascular stiffness indices, and time intervals
between characteristic points of the signal, which are
also obtained from the characteristic points of its first
and second derivatives.

Modern machine learning methods create funda-
mentally new opportunities for processing such signals.
Their effectiveness directly depends on the quality
and representativeness of the input features. In this
case, the key task is the systematic extraction of nu-
merical descriptors of the PPG signal shape (feature
extraction), which can be used as input variables for
regression and classification models. These include, in
particular, the parameters of the systolic and diastolic
phases, vascular stiffness indices, and time intervals
between characteristic points of the signal, which are
also obtained from the characteristic points of its first
and second derivatives.

However, the potential of using PPG waveform
features as an additional data source for building gen-
eralized rapid diagnostic models has not yet been
sufficiently explored. In particular, despite significant
progress in the application of machine learning algo-
rithms, most existing approaches to assessing biochem-
ical parameters (such as glucose or cholesterol) rely on
indirect or partially invasive data rather than primary
biosignals.

Thus, a relevant scientific task is to further develop
approaches to analyzing the shape of PPG signals,
extracting informative numerical features, and using
these features in machine learning models for non-
invasive prediction of physiological and biochemical in-
dicators. In this context, spectral amplitude and phase
parameters should be considered complementary to,
rather than replacements for, conventional amplitude-
time descriptors. Particular attention should be paid
to the formation and use of specialized datasets that
combine “raw” PPG signals with reference medical
measurements, thereby enabling objective model train-
ing and comparison.

1 Features and diagnostic capa-
bilities of PPG signal analysis

Traditionally, in medical and biological prac-
tice, the most widely used diagnostic features are
amplitude-time (contour) features of pulse signals.
Based on the analysis of pulse wave parameters, pri-
marily rheographic parameters, dozens of indicators
have been proposed to characterize the state of the
cardiovascular system. This direction continues to de-
velop. The study in [2] proposed extracting five differ-
ent features of the PPG signal form from preprocessed
segments within a single cardiac cycle. These features
include the time and nature of the pulse rise (duration
of the anacrota) and its width at the levels of 25%,
50%, and 75%. The signal shape indicator in the form
of the “area under the curve” of the PPG cardiocycle
reflects changes in vascular tone [10]. It has been estab-
lished that the rise time of the pulse wave amplitude
is associated with changes in blood pressure. This pa-
rameter is reported to be more pronounced in younger
than in older individuals [11]. In particular, in [3], this
parameter is used to estimate arterial pressure without
a cuff. The period of the PPG signal is associated with
systemic vascular resistance [12]. The studies in [6, 7]
examined the possibility of non-invasively assessing
glucose levels in human blood (Raman theory). In addi-
tion, in the last two decades, new diagnostic results and
capabilities have been obtained based on the analysis
of the amplitude and phase spectral characteristics of
pulse signals [13,14].

A number of studies have reported reliable corre-
lations between systolic and diastolic blood pressure
values and pulse wave velocity values based on com-
bined analysis of central and peripheral blood flow
signals. Usually, ECG is used synchronously with the
PPG signal to determine pulse wave velocity. The time
difference between the signals is associated with the
tone (stiffness) of the arterial vessels [2].

The studies in [5,6] indicate that slope transit time
(STT; the period of rapid growth of the pulse wave
during systole, from the minimum value to the peak)
is almost the only PPG parameter that correlates with
blood pressure.

It should be noted that some algorithms for ex-
tracting detailed amplitude-time parameters for mor-
phological analysis of PPG using the first and second
derivatives are possible in the case of “hard” filter-
ing [15]. However, such filtering significantly distorts
the signal shape, which can lead to the loss of diag-
nostically valuable features and practically makes it
impossible to reliably extract characteristic points from
the second derivative. To prevent this, we propose a
procedure that involves applying “soft” filtering, car-
diocycle separation, and a subsequent amplitude-phase
method of parameter extraction, followed by the use of
machine learning methods for analysis, interpretation,
and identification of dependencies with metadata.
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Based on these observations [15], the present ap-
proach focuses on preserving the pulse waveform dur-
ing preprocessing so that both amplitude-time and
spectral-phase descriptors can be extracted consis-
tently.

In this study, the main attention is focused on the
local isolation of morphological patterns of pulse sig-
nals using the segmentation method and the extraction
of spectral amplitude and phase parameters within
individual cardiocycles in addition to amplitude-time
parameters. The proposed parameters are not treated
as universal indicators; rather, they are considered as
an additional group of descriptors that may improve
the completeness of PPG waveform representation.

The contribution of the study is as follows:

e The feasibility of using the spectral amplitude
and phase method for extracting diagnostically
significant normalized parameters of PPG signal
segments as a complement to the amplitude-time
(contour) parameters is substantiated.

e A feature selection analysis of the set of
amplitude-time and spectral-phase parameters
obtained from real signals is performed, and their
effect on the formation of models for determin-
ing the functional state using machine learning
methods is assessed.

2 Methodology for detecting and
extracting a set of parameters
unique to PPG signals

2.1 Signal preprocessing

Before parameter extraction, we used three prepro-
cessing techniques: bandpass filtering, normalization,
and region segmentation.

A 0.5-30 Hz bandpass filter was used to remove
unwanted frequency components and noise from the
recorded raw signal. This filter is intended to reduce
the influence of external and internal interference,
including power line interference (50/60 Hz) and base-
line drift (low-frequency noise), rather than to correct
motion artifacts. Segments with pronounced motion
artifacts should be rejected or classified as unsuit-
able before morphological and spectral analysis. The
Butterworth filter was chosen because it provides min-
imal signal distortion while preserving important signal
properties due to its maximally flat frequency response
across the filter’s bandwidth.

2.2 Justification of the choice of
amplitude-time parameters of pulse
signals

In practice, a significant number of indicators are
used in the analysis of PPG signals, which allow, to a

greater or lesser extent, to assess the nature of hemo-
dynamics and the state of the vessels of the studied
area.

A characteristic feature of PPG signals is their high
susceptibility to motion artifacts, which can reduce
their morphological quality and, therefore, affect the
reliability of the extracted information. Thus, account-
ing for motion artifacts is especially relevant when
signals are recorded during everyday activities, for ex-
ample, using smartwatches. In this case, it is advisable
to create a separate classifier for the PPG pulse wave
signal quality index; in particular, three classes are rec-
ommended: unsuitable for use due to interference and
artifacts, suitable for assessing heart rate (basic qual-
ity classifier), and suitable for morphological analysis
(high-quality biosignal classifier) [16,17]. The develop-
ment of such a quality pre-classifier is a separate task
and is outside the scope of the present study.

While heart rate (HR) and some morphological fea-
tures related to systolic peak detection can be assessed
from a basic-quality pulse wave, more complex morpho-
logical features require detection of both systolic and
diastolic peaks [15,18,19], for which only a high-quality
pulse wave is suitable.

The pulse wave corresponding to one period of heart
contraction consists of an ascending part, a maximum,
and a descending part, on which the incisura and di-
crotic tooth are located. Additional teeth may also be
present, and their occurrence is explained by bifurca-
tions in the vascular system. Each PPG period can be
divided into two phases: a fast anacrotic phase, which
corresponds to the systolic contraction of the heart,
and a catacrotic phase, which depends on both the
diastolic phase of the heart and the influence of blood
pumping in the vascular bed of peripheral arteries [20].

Fig. 1 shows an example of one period of a real
recorded pulse wave signal with the result of prepro-
cessing by spline interpolation based on a third-degree
polynomial and the selection of its individual ampli-
tude and time parameters. Traditionally, during the
analysis and identification of the functional state by
contour analysis methods, the time and amplitude pa-
rameters of characteristic points within each period of
the PPG signal are used:

e systolic base: the beginning of the systolic phase
and the minimum of the pulse wave;

e maximum of the steepness of the anacrotic;

e systolic peak: the most noticeable maximum and
its amplitude;

e time marker of the incisura, the dicrotic notch
that is caused by the closure of the aortic valve
and is most noticeable in healthy young peo-
ple [1];

e diastolic peak: the second noticeable maximum
of the pulse wave.
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Fig. 1. Determining characteristic points of the PPG
signal

Some of the listed features are physiologically
grounded, i.e., they characterize the hemodynamics of
the cardiovascular system. The study in [4] demon-
strates the effectiveness of using such biosignal charac-
teristics in prognostic models in comparison with con-
ventional indicators identified as characteristic points
of amplitude-time analysis of biosignals.

Characteristic points of amplitude-time analysis,
such as maxima, troughs, and notches, are usually de-
tected more accurately by the second derivative using
differentiation. This is especially important for deter-
mining the position and visualization of the dicrotic
notch (incisura), which in some cases may not be
clearly expressed in the primary PPG signal but is
important for cuffless blood pressure determination.

When analyzing a PPG signal, it is advisable to
calculate the following parameters in the time domain:
a1, ag, B, T, HR, the times of maxima, minima, and
characteristic points of the pulse wave quasi-periods, as
well as the delay between the ECG parameters and the
PPG quasi-periods to calculate the pulse wave propa-
gation velocity. Here, «; is the time from the valley
to the point of maximum acceleration of the anacrota,
Qg is the time from the point of maximum acceleration
of the anacrota to the peak, § is the duration of the
catacrota, and 7' is the period of the pulse signal. The
minimum condition for using signals in further analysis
is the recognition of periods, in particular the maxima
of the periodic signal. The parameters ai, as, and g
are defined as:

tma:c’l - tmin
a1 = T )
gy = tmam - tmaz’l
T 9
5 _ tmaz'Q - tmaz

The points t;yq21 and tmeer2 are the coordinates of
the neighboring largest maxima of the pulse curve
steepness, the difference between which determines the
duration of the quasi-period T'; t,,q, and t,,;, are the
coordinates of the maximum and minimum of the pulse
curve.

For the set of typical parameters in the study [4],
six time parameters were selected, namely: 1) heart
rate; 2) systolic peak; 3) catacrotic, or peak-to-valley,
interval; 4) valley-to-valley interval; 5) peak-to-peak
interval; and 6) pulse wave width at the incisura level.

The area under the PPG signal within the cardiac
cycle is a rather informative feature (pulse area/AUC).
The AUC parameter of the PPG signal is related to the
blood volume per cycle (analogous to stroke volume)
and tissue perfusion.

For each cardiac interval:

tmax’2
AUC = / PPG(t)dt
t

maz’1

In discrete form:
AUC =) " tiAt,

where t; — sampling times, At — sampling period.

The most appropriate integration method is the
trapezoidal rule, as it provides a linear approximation
that is stable in the presence of noise in “real” signals.
JF@®dt = 5E55(fi + firr)-

Another integration option is Simpson’s method,
which uses the Cotes formula for smooth functions
with a quadratic approximation. This method provides
higher accuracy but is sensitive to the presence of noise:

b At
[ e (1 0) + 45 (00) + 20 (2) +..),

Here At = (b — a)/n, tp = a is the beginning of
the segment, t,, = b is the end of the segment, and
to,...,t, denote the cardiac interval of the pulse wave
divided into n equal subintervals.

2.3 Justification of the choice of ampli-
tude and phase spectral parameters
of pulse signals

In [13,14], an approach for assessing the functional
state of the human cardiovascular system is proposed
based on determining the spectral amplitude and phase
parameters of pulse signals. These parameters can be
determined in two ways.

The first is based on spectral analysis of a pulse-
wave segment of a certain duration selected using
window processing. An example of an amplitude spec-
trum obtained in this way is shown in Fig. 2. Diagnostic
parameters of the amplitude spectrum for this analysis
variant are the coordinates of the pulse-signal harmon-
ics on the frequency axis (i.e., heart rate), the ratio
of the harmonic amplitudes, and the “blurring” of the
spectrum around the harmonics, which characterizes
heart rate variability.

The second option is based on periodic analysis
of the pulse wave signal. In this case, the amplitude
and phase spectrum parameters are calculated for each
signal pulse. The period T of each pulse is determined
by measuring the pulse duration between the points
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t) .1 and ¢ 2 (the time points of the maxima of the
first derivative of the anacrotic parts of two consecutive
pulses), and the spectral composition is determined by
the nature of the pulse curve between these points.
Determining each quasi-period from the maxima, of the
first derivative also reduces the influence of instability
in the start and end points of cardiac cycles, although
the quality of segmentation remains an important pre-
requisite for reliable phase estimation. By expanding
this function into a Fourier series, the amplitude ¢, (1)
and phase ¢, spectra are determined (see Fig. 2 for
the amplitude spectrum):

1e6 Spectrum (0-50 Hz)

Magnitude

Frequency (Hz)

Fig. 2. Amplitude spectrum of the windowed portion
of the pulse wave over an integer number of cardiac
cycles

It should be noted that a discrete Fourier trans-
form is chosen to form the phase spectral characteristic
within one quasi-period. The fast Fourier transform
option is not suitable, since the number of samples
from which the transform is calculated is not nec-
essarily equal to 2V. Given the requirement for the
most accurate formation of the spectral characteris-
tic, this limitation cannot be neglected. For diagnostic
analysis, the first four or five harmonics are usually
sufficient; therefore, the relevant upper-frequency range
is approximately 10-15 Hz, while higher harmonics
have a substantially smaller influence on the considered
parameters.

Spectral components are obtained using the known
Fourier transform dependencies:
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As an example, Fig. 3 shows a typical graph of the
phase spectrum of a pulse signal. The graph is obtained
by superimposing the phase spectra of 25 periods of
the pulse wave. The phases of the harmonics are plot-
ted as positive values for the convenience of further
calculation of the phase and group delay times.

Phase ¢ _nh with Mean = STD

+ std
—— Mean
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1 2 3 4 5
Harmonic number (n)

Fig. 3. Variability of the phase spectrum parameters f4i

The parameters in Fig. 3 characterize the relative
shift of the initial phases (¢,,) of the first five harmonics
(n=1,2,...,5) relative to the initial phase of the first
harmonic, which is taken as zero in the graph. Here,
“blurring” is also observed, which is due to the vari-
ability of the initial phases of the harmonics under the
influence of heart rate variability. Diagnostic indicators
of the phase spectrum are the levels and ratios of the
initial phases of the harmonics, their variability, and
the slope of the spectrum.

In [13,14], new time parameters of the pulse-signal
phase spectrum, 74, and 7p,, were proposed for de-
termining the dynamic functional state of a person.
These parameters are equivalent to the group and
phase propagation times of the signal, respectively.
They characterize the relative propagation speed of the
pulse wave and are calculated by the formulas:

T(pn — Pn_1)
o2 ’

3)

Tgrn’n,1 =
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where ¢,, is the phase of the n-th harmonic of the
spectrum, and f;,, = ¢n — ne1.

The study in [14] notes that it is also advisable
to select parameters that characterize the normalized
phase spectrum indicators (in degrees) for the first five
harmonics of the signal, in particular:

Jin = ¢n — N1,
Pn — Pn—-1-

()

In general, the parameters c; ...c, (1) character-
ize the relative dependence of the amplitudes of the
pulse harmonics (reduced to the amplitude of the
first harmonic, the relative value of which is taken to
be 100). The parameters 74,2 ... 745 characterize the
dependence of the time parameter of the phase spec-
trum, with units of seconds, equivalent to the group
delay time of the signal in the spectral interval be-
tween the corresponding harmonics of the pulse signal.
The parameters T,p2, ..., Tpns characterize the depen-
dence of the time parameter of the phase spectrum,
with units of seconds, equivalent to the phase delay
time of the signal in the spectral interval between the
higher and first harmonics of the pulse signal. These
spectral parameters reflect both vascular structural
properties and dynamic hemodynamic changes; there-
fore, their interpretation should be made together with
amplitude-time parameters and metadata rather than
in isolation.

Examples of assessing the dynamics and diagnostic
sensitivity of spectral parameters of pulse signals under
various test influences are given in [13,14] and other
works by the authors.

Studies assessing the diagnostic sensitivity of the
specified spectral parameters of PPG signals were
performed using various test influences: orthostatic
and cold tests, tea and alcohol consumption, smok-
ing, breath holding, sports training, and recovery after
abdominal surgery. These studies showed high sensi-
tivity of the specified parameters to such influences.
However, certain features were observed. Thus, in the
presence of test influences that are not related to me-
chanical muscle tension or psychological stress, the
amplitude spectrum is more suitable for visual observa-
tion, whereas under influences involving muscle tension
or psychological stress, it is more suitable to use the
phase spectrum and its time parameters. It was also
found that when assessing the functional state of a
person under postoperative rehabilitation conditions
(in the first hours of the day after surgery), the dy-
namics of changes in the functional state are monitored
more clearly using spectral parameters than by blood
pressure measurements, which are traditionally used in
practice.

The ability to postprocess original biosignals to
extract new amplitude-temporal parameters or refine
existing ones is also important.

3 Selection of biosignal parame-
ters to form a dataset for ma-
chine learning

From the above list of analytically formalized di-
agnostically valuable indicators, it is advisable for
machine-learning-based express diagnostics to choose
multiparameter neural network models and to con-
sider the potential use of deep neural networks. When
convolutional neural networks are used to represent
morphological features, it is also possible to automate
the detection and extraction of characteristic morpho-
logical diagnostic features of the pulse wave in deeper
network layers. Thus, CNN-based processing of raw or
weakly segmented PPG fragments should be regarded
as a promising complementary direction rather than
as an approach excluded by the present feature-based
methodology.

To determine the functional state of a person based
on biosignals, it is important to establish parameters
and their normalized numerical indicators that can be
classified as normal for the population, as well as those
that deviate from normal values and may indicate the
presence or development of disease. In other words,
certain simple rules or threshold functions can be used
to carry out express diagnostics.

Determining features (biosignal parameters) that
are informative for a specific task is important for
reliable assessment of the functional state of a person.

To identify truly informative features from the PPG
shape based on the considered parameters, correla-
tion and statistical analyses of the extracted biosignal
parameters must be conducted. The key issue is to
determine which of the considered parameters actu-
ally carry physiological information and which are only
derivatives of heart rate (HR) or noise.

The informativeness of a parameter is acceptable if:

- there is no trivial dependence on heart rate (HR),
as in the example with AUC;

- there is small and stable dispersion between cy-
cles within one functional state;

- there is sensitivity to changes in the functional
state and variability under load or pathology;

- there is a possibility of explaining the physio-
logical meaning of the parameter in terms of
hemodynamics.

To select the most significant features for blood pres-
sure monitoring based on the PPG waveform, a mul-
ticollinearity test was applied in [2]. The presence
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of multicollinearity among predictor variables affects
the generalizability of the algorithm by increasing the
estimated mean square error.

The information content of the parameters was as-
sessed using the following algorithm for all amplitude-
time and spectral-phase parameters considered above,
including (¢y, Tgr, Tph, D¢, a/f, AUC, etc.); in total,
21 parameters were assessed.

The selection of informative features included nor-
malization, HR filtering, correlation filtering, permu-
tation importance, and Recursive Feature Elimination
(final selection).

3.1 Multicollinearity test

Heart rate (HR) is a highly informative physiolog-
ical feature that should be retained in the feature set.
At the same time, features that are strongly correlated
with HR should be removed to reduce redundancy and
mitigate multicollinearity:

[corr(fi, HR)|| <.
Removing multicollinearity:

|corr(fi, f5)] <6,

where v and § are threshold values.

3.2 Feature importance analysis

To assess the contribution of the extracted pho-
toplethysmographic (PPG) features, a random forest
importance analysis was performed [21-23]. This al-
gorithm can tolerate moderate noise in extracted fea-
tures, but it does not replace signal-quality screening
for PPG segments recorded by wearable devices, such
as smartwatches. The importance of each feature was
quantified as the increase in prediction error after a
random permutation of its values.

I = E[L(f) — L(fr))l,

where L is the loss function, fr(; is the feature with
permuted values.

The results showed that spectral and phase features
provide the most significant contribution to model per-
formance in the considered feature set. In particular,
the group delay 7,4, and the phase differences between
harmonics Ag,, showed the highest importance scores.
These features reflect temporal and structural prop-
erties of the pulse wave and may be associated with
vascular stiffness and wave propagation dynamics.

In contrast, amplitude features such as the raw area
under the curve (AUC) showed less importance due
to their strong dependence on heart rate (HR). After
normalization for cardiac cycle length, the contribution
of AUC increased but remained secondary compared to
phase-related descriptors.

3.3 SHAP interpretation

To further interpret the model predictions, SHAP
(SHapley Additive exPlanations) values were calcu-
lated. This approach allows the model output to be
decomposed into the additive contributions of individ-
ual features.

Feature contribution:

>

SCFi
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where F is the set of all features, S is a subset of
features, and f(S) is the model prediction if only S
is used.

The results of SHAP analysis are shown in Figs. 4
and 5, which show the dominant role of spectral fea-
tures of PPG signals over amplitude-time features in
the analyzed model. The summary plot showed that
higher values of 7,4, usually lead to an increase in the
predicted output signal, indicating an association with
the underlying physiological parameter within this
dataset. Similarly, the phase difference Ay, showed
a nonlinear effect, indicating complex interactions be-
tween harmonic components. These results should
be interpreted as model-specific feature-importance
estimates and require confirmation on independent
datasets and sensors.
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Fig. 4. Potential contribution of PPG signal parameters
in machine learning models

Time-domain features, including the ratios a;/as
and (a1 + ag)/f, also showed moderate importance.
These parameters characterize the morphology of the
PPG waveform and reflect the balance between systolic
and diastolic phases.



70 Mosiichuk V. S., Sharpan O. B., Guseva O. V.
SHAP Summary Plot High For PPG signals, 7,4, and Ay are expected to group
Ty EREE 4ee e — together (wave structure), /8 is expected to form a
. | separate direction (shape), and AUC often appears
4 . . .
. e separately (HR influence). Such grouping helps visu-
4 - .
Lo alize the structure of the feature space but does not by
Tgr fom tm famele . . . . .
o _. itself prove physiological universality.
o Y. .
3 amirem we PCA Biplot (PPG Features)
. 2l . s e
@ Cluster 2
fi, o % 4
CD - N g
== g
auc oo & °
2
Tphs & -
ay S - °
Tors & § 0
@ - . S .
az
Tgrz e s .
iz £-
Tgr1 [
-1

-0.1 0.0 0.1 0.2 0.3 0.4
SHAP value (impact on model output)
Fig. 5. Visualization of the potential contribution of
PPG signal parameters in a machine learning model
using the SHAP method

3.4 Stability and redundancy of fea-
tures

Additional filtering steps were applied to improve
the robustness of the selected features. Features with
high correlation with heart rate (|corr(f;, HR)| > 0.7)
were excluded to reduce trivial dependencies. In ad-
dition, highly correlated features (|corr(f;, f;)| > 0.9)
were removed to reduce redundancy.

The analysis and removal of trivial dependencies re-
sulted in the remaining features showing improved sta-
bility across cardiac cycles and reduced multicollinear-
ity. However, because several phase-derived descriptors
are mathematically related through the same Fourier
representation and cardiac period, multicollinearity
cannot be considered fully eliminated by threshold fil-
tering alone. The coefficient of variation (CV) for the
selected features was significantly lower compared to
the original set, indicating consistent behavior within
each record.

3.5 PCA analysis

The PCA biplot is shown in Fig. 6. In this figure,
the length of the arrow determines the importance
of the feature: long indicates strong influence, and
short indicates weak influence. The angle between the
arrows, cos(f), indicates correlation. Small angles indi-
cate a significant correlation between the parameters,
90° indicates independence, and 180° indicates anticor-
relation.

PC1 (35.9%)

Fig. 6. PCA analysis of PPG signal parameters

From Fig. 6, it follows that phase-related features
cluster along the first principal component, while pa-
rameters related to morphology mainly affect the sec-
ond component. In the biplot, the rightward direction
indicates influence on PC4, and the upward direction
indicates influence on PCs.

3.6 Final set of features

After selection, an optimal feature subspace is
formed:

=L, corr(fi, HR)mm}.

Based on a combined analysis of permutation im-
portance, SHAP values, and statistical filtering, the
following features were identified as the most informa-
tive:

Group and phase delay 7,4, and 7,p;

Phase difference Agp,,;

Normalized amplitudes of harmonics c,;

Ratios oy /ag and (a1 + a2)/5;
e Normalized area under the curve AUC™™,

These features represent the PPG signal in terms of
both amplitude-time and spectral characteristics and
can be effectively used for further analysis and classi-
fication under appropriate signal-quality control.
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4 Discussion

Among the considered amplitude-time parameters,
there are no parameters related to the dicrotic notch.
From a practical point of view, its detection is diffi-
cult, since it is not clearly present in all signals. In
addition, some PPG signals contain several similar
dicrotic notches, which can reduce the accuracy of
automatic parameter determination using amplitude-
time methods. Instead, the spectral representation uses
information from the entire pulse waveform, including
cases in which the dicrotic wave is absent or poorly
expressed. Therefore, the presence or absence of the
dicrotic notch can still affect the spectral-phase param-
eters and their evolution over cardiac periods, without
requiring the notch to be identified as a separate time-
domain point.

An inverse relationship was observed between AUC
and heart rate, which is consistent with the depen-
dence of the integration interval on the duration of the
cardiac cycle. This emphasizes the need for normaliza-
tion procedures when using features based on integral
measures.

Overall, the results show that phase- and delay-
based features are informative within the analyzed
feature set and may provide physiologically mean-
ingful information that complements amplitude-based
descriptors. The proposed feature selection pipeline
identifies a compact subset of parameters suitable for
modeling and interpreting PPG signals, but the sta-
bility of this subset should be verified on independent
data.

The considered methods of extracting and repre-
senting diagnostic features demonstrate the potential
of using biological signals for rapid diagnostics. How-
ever, although individual parameters extracted from
biosignals and their graphical representations may be
diagnostically significant, their interpretation is com-
plex and requires the experience of expert physicians.
This is especially relevant for spectral-phase parame-
ters, whose physiological interpretation is less direct
than that of many contour parameters. Processing and
analysis of biosignal parameters can be performed man-
ually based on the previous experience of physicians.
Despite the above limitations, this approach to diag-
nostics and analysis of biosignal parameters should not
be neglected. Moreover, the development of machine
learning methods and neural networks has significant
potential for the automatic search for hidden patterns,
for which it is necessary to train a neural network
based on expert physicians’ assessments and to create
appropriate datasets.

Several limitations should be emphasized. First,
spectral-phase analysis requires high-quality PPG seg-
ments; therefore, a pre-classifier for signal quality and
rejection of motion-contaminated fragments is neces-
sary for practical use with wearable devices. Second,
the dominance of spectral features in SHAP analysis

may partly depend on the dataset, sensor characteris-
tics, and the transformation into the Fourier domain;
therefore, external validation is required before gener-
alizing these findings. Third, the relationship between
spectral parameters and specific biochemical or patho-
physiological changes should be verified in targeted
studies rather than inferred from feature importance
alone. Accordingly, curated expert-labeled datasets are
required for reliable training and validation of neural
network models.

Conclusions

The feasibility of using a comprehensive approach
to the analysis of PPG signals, which combines
amplitude-time and spectral amplitude and phase pa-
rameters, is substantiated. It is shown that traditional
amplitude-time characteristics do not provide a com-
plete description of the pulse wave morphology and
may have limited informativeness in machine learning
tasks when used alone.

A signal preprocessing method based on “soft” fil-
tering and segmentation by cardiac cycles is proposed,
which helps preserve diagnostically significant signal
features and supports reliable parameter extraction
from high-quality PPG segments.

A generalized set of features is formed, which
includes amplitude-time and spectral amplitude and
phase parameters obtained within individual cardiac
cycles. The information analysis showed that, within
the considered feature set, the most significant fea-
tures include the parameters of the phase spectrum
and group and phase delay, which reflect the dynamics
of pulse wave propagation and may be associated with
the physiological properties of the vascular system.

It was found that the amplitude-time (contour)
characteristics of pulse signals, in particular the area
under the curve, require normalization to increase the
reliability of diagnostics due to their dependence on the
heart rate, while spectral-phase features appeared more
stable and informative within the considered analysis.

As a result of feature selection, a compact subspace
of parameters was formed, which supports increased
accuracy and stability of machine learning models.
The results obtained confirm the potential effective-
ness of the proposed approach for non-invasive express
diagnostics tasks, provided that signal quality is con-
trolled and the models are validated on representative
datasets.

Further research should be directed at expand-
ing the experimental database, improving methods
for automatic feature extraction and signal-quality
classification, comparing feature-based analysis with
CNN-based processing, and validating the physiolog-
ical interpretation of spectral-phase parameters across
sensors and populations.
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3anporoHOBaHO METOIMKY IOTEPEIHLOI 06POOKYU CUTHAIIB,
IO BKJIOYAE CMYTOBY (DiIbTpAIliio, HOPMAJII3AINI0 Ta
CEerMEeHTAIT0, a TAKOXK TMi/IXisT 10 (pisbTparmii B cMy3i 9acToT
mo 0,5 - 30 't Ta comaitaoBOl iTepmosamii cyciamix Bubipo
JUCKPEeTU3allil B 3apeeCTPOBAHNX CUTHAJIB, AKUH T03BOJILAE
30epert [OiarHOCTHYHO 3HAUIymi ocobsuBocTi Gopmu
curHamay. JleTasbHO POBIJISHYTO CHCTEMY AMILIITYIHO-
YACOBUX TApaMeTpiB (TPUBAMICTH AHAKPOTH, IHTEPBAIHA
MK XapaKTEPHUMH TOYKAMM, IJIONA T/l KPUBOI TOIIO)
Ta CIEKTPAIHHO-GAZ0BUX XAPAKTEPUCTUK, OTPUMAHUX 33
JOTIOMOTOI0 po3kJaay v pan @yp’e.

OcobsmmBy yBary TpPHUIOLJIEHO MPOIEaypi Bimbopy
iHGOPMATUBHAX  O3HAK i MOJAeJeld  MaIlUuHHOTO
HaBYaHHsd.  3allPOIIOHOBAHO  0araTOKPOKOBUM  Iijxis,
IO BKJIIOYAE YCYHEHHd 3aJIEXKHOCTI  BiJ  YaCTOTH

CepIieBUX CKOPOYEHb, aHAI3 MY/JIbTUKOIIHEAPHOCTI, OIHKY
BaXKJIMBOCTI O3HAK MeToJ0M permutation importance rta
inTepmperariio pe3yabTaTiB 3a m0moMoror meroxis PCA

ta SHAP. BeranosiieHo, mo Haibi1bmuii BHECOK y TOYHICTH
Mozeseii 3a6e3MmeduyioTh CIeKTPaJIbHO-(a30Bi mapaMerpw,
30KpeMa rpyIoBa 3aTpUMKa Ta (a30Bi 3CyBU rapMOHIK, SKi
6e3rocepeIHbO OB’ A3aHi 3 (hi310/I0Mr YHUMH BJIACTUBOCTIIMEA
CYIWHHOI CHUCTEMH.

YV pesymbrari chopMoBaHO HADIP O3HAK, IO MOETHYE
9JacoBI Ta  CIEKTPAJbHI  XapaKTEPUCTHUKU  CHTHAJLY
Ta 3abe3medye MABUMIEHHS HAKOCTI Kiacmpikami i
nporuo3yBauus. OTpuMani pe3yabTATH MiATBEPIAKYIOTH
NepPCIeKTUBHICTh BUKOPHUCTAHHS KOMIIJIEKCHOTO QHAJI3Y
PPG-curnanis y mno€nHaHHi 3 METOJAMHU MAIIUHHOIO
HABYAHHS I 334329 MEIUYHOI  JIarHOCTUKHA  Ta
MOHITOPHUHTY CTaHY JIIOIAHUA.

Knao4w06i cao6a: HEIHBAa3WBHA JIAlHOCTHKA; aHAJI3
diziosoriuamx curHasiB; 06pobka GiOCHTHAJIIB; BUIIICHHS
03HaK; BUOID O3HAK; aHAJI3 y YaCTOTHIN obJracTi; dha3osBuit
cuektp; doromnerndmorpadia (PIII'); amamis myapcoBol

XBIJTI ; MaIllTUHHE HaBYaHHA
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