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Abstract

Polysomnography (PSG) is the gold standard for diagnosing sleep disorders, but its com-
plexity and cost limit widespread use. Heart rate variability (HRV) is traditionally assessed
from electrocardiography (ECG), while photoplethysmography (PPG), widely available
in wearable devices, offers a more accessible alternative. However, its reliability over full-
night recordings remains underexplored. This study analyzes data from 50 subjects across
five groups (healthy controls, rapid eye movement sleep behavior disorder, obstructive
sleep apnea, periodic limb movements, and mixed comorbidities) to assess agreement
between ECG-derived HRV and PPG-derived pulse rate variability (PRV), considering
time-, frequency-, and nonlinear-domain features. Correlation and equivalence analyses
were performed, with and without removal of artifactual segments. Correlation coefficients
exceeded 0.6 for most features and improved to above 0.7 after artifact removal. Consis-
tent improvements were observed across all subject groups. Equivalence testing further
identified a subset of features showing high agreement and low bias. The results indicate
that, with appropriate pre-processing, PPG can approximate ECG-derived variability in
full-night sleep recordings. The identification of robust features for screening purposes
supports the use of PRV for wearable-based screening and monitoring in heterogeneous
sleep disorder populations.

Keywords: electrocardiography; photoplethysmography; heart rate variability; pulse rate
variability; sleep disorders; digital biomarkers; REM sleep behavior disorder; clinical
screening; clinical decision support; autonomic nervous system

1. Introduction

Polysomnography (PSG) is considered the gold standard for sleep assessment and the
diagnosis of sleep disorders. It involves the simultaneous recording of multiple physiologi-
cal signals, including electroencephalography (EEG), electromyography (EMG), electro-
oculography (EOG), and electrocardiography (ECG), as well as respiratory and positional
signals [1-3]. While PSG provides comprehensive information about sleep architecture
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and cardiorespiratory function, its complexity and the extensive use of sensors and elec-
trodes can make it uncomfortable for patients and resource-intensive for clinical settings [4].
Among available signals, the ECG is commonly employed to monitor cardiac activity
throughout the night, either to detect sleep-related breathing disorders, such as apneas, or
to detect cardiac arrhytmias. Although less common in sleep studies, among the parameters
that can be derived ECG recordings is heart rate variability (HRV), a widely recognized
non-invasive marker of the autonomic nervous system regulation. In more detail, HRV rep-
resents the temporal variation between consecutive heartbeats and is commonly calculated
from the R-R intervals [5].

Despite being widely regarded as the gold standard for HRV analysis, ECG presents
certain limitations. First, its acquisition typically requires the use of adhesive hydrogel elec-
trodes, which may cause discomfort during long-term monitoring or lead to skin irritation
and allergic reactions in sensitive individuals [6]. Moreover, especially regarding ambu-
latory or sleep studies, ECG signals are often affected by noise and artifacts arising from
muscle activity, electrical interference, electrode displacement, and respiration-induced
baseline drift, which can significantly degrade signal quality [7,8].

To address the discomfort and practical limitations of ECG electrodes, photoplethys-
mography (PPG) is a widely adopted non-invasive alternative for HRV analysis [8-12]. It
is an optical technique that detects peripheral blood volume changes and is well-suited
for continuous and comfortable monitoring due to its compact size and ease of applica-
tion [8,13,14].

An example of ECG and PPG signals is displayed in Figure 1, with ECG R-peaks
and PPG systolic peaks highlighted, together with the corresponding R-R intervals (RRI)
and pulse—pulse intervals (PPI). For the sake of clarity, this paper will refer to HRV as
the variability computed from ECG and pulse rate variability (PRV) as the one derived
from PPG.

0.4 RRI

PPI

PPG
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ocwNkRorRNWA

.0 05 1.0 15 2.0 25 3.0 35 4.0 45 5.0
Time (s)

Figure 1. Simultaneous visualization of ECG and PPG signals. Orange dots on the ECG trace indicate
R peaks, from which the RRI is computed. Blue dots on the PPG trace mark the systolic peaks, used
to calculate the PPI.

A strong correlation between HRV- and PRV-extracted features has been reported
in the literature for healthy individuals in resting conditions [8-10,12,15-17]. However,
this agreement is highly dependent on several factors, including individual characteristics,
acquisition setup, underlying pathologies, and the physiological state of the subject [11]. In
particular, during moderate physical or mental stress, the agreement between HRV and
PRV tends to decrease, with the extent of this reduction varying across studies [18]. During
intense physical activity, the correlation further deteriorates, especially for parameters
describing higher frequencies of the spectrum [15]. Discrepancies have also been reported
in clinical populations, such as patients with obstructive sleep apnea or cardiovascular
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diseases, suggesting that PRV may not reliably substitute HRV under pathological or non-
ideal conditions [12,16]. Even in healthy subjects, PRV reliability is reduced in dynamic and
sleep conditions due to motion artifacts, signal instability, and large inter-subject variability,
limiting its interchangeability with HRV [19,20].

These discrepancies arise from both technical factors, such as motion artifacts that par-
ticularly affect PPG in ambulatory settings [18], and physiological mechanisms, including
respiration-driven variations in arterial pressure, pulse transit time, and cardiac output [16].
Moreover, intrinsic differences between the electrical cardiac activity measured by ECG
and the vascular and mechanical information captured by PPG further contribute to the
observed divergence [16].

Additionally, most existing studies have focused on short-term recordings, typically
lasting 5 to 15 min, and conducted under resting conditions or controlled experimental
settings [9-11]. In many cases, authors selected cleaner signal segments and manually
corrected peak detections [8,11,15]. Such conditions do not reflect the complexity and
variability encountered during overnight sleep, where physiological states, signal quality,
and autonomic regulation change substantially across sleep stages and over time.

Overall, the interchangeability between HRV and PRV remains an open research
question, highlighting the need for further investigations based on long-term, real-world
recordings and clinical populations to better assess the validity of PPG as a surrogate for
HRYV analysis.

This study aims to compare PPG-derived PRV features to ECG-derived HRV features for
sleep analysis. To this end, HRV and PRV features were extracted and compared in a dataset
of 50 subjects, including both healthy individuals and patients with sleep disorders, using full-
night PSG recordings acquired in a real-world clinical setting. Unlike most previous studies,
this approach enables a comprehensive assessment of signal quality and feature stability
across the entire night, while also allowing the evaluation of how different pathological
conditions may affect the agreement between the two modalities. A reliable PPG-based
alternative would enable wearable monitoring solutions—such as smartwatches—capable
of providing accessible and preliminary assessments of autonomic function during sleep,
ultimately supporting the early detection of autonomic dysregulation.

The remainder of this paper is organized as follows. Section 2 describes the dataset
and the data collection step, while Section 3 illustrates the extraction steps for HRV and PRV
features, the procedures adopted for removing noisy segments, and the analyses performed
to assess similarity. The results of the correlation and statistical analyses are presented in
Section 4. Finally, Sections 5 and 6 discuss the findings and provide the concluding remarks.

2. Materials
Subjects and Data

PSG recordings were collected at Molinette University Hospital in Turin (Italy), at
the Regional Sleep Medicine Center. The dataset included 50 participants, divided into
five groups: 10 healthy controls (HC), 10 with rapid eye movement (REM) sleep behavior
disorder (RBD), 10 with obstructive sleep apnea syndrome (OSAS), 10 with periodic limb
movements (PLM) and 10 with multiple comorbidities (Mixed), defined as subjects affected
by two or more coexisting conditions among RBD, OSAS and PLM. Data collection complied
with the Declaration of Helsinki, with approval from the Ethics Committee of A.O.U Citta
della Salute e della Scienza di Torino (approval number 00384/2020). Participants provided
written informed consent after receiving detailed information on the study objectives and
procedures. All participants had no diagnosed neurodegenerative disease and all data
were properly anonymized. Table 1 reports the demographic and clinical characteristics of
the study population, grouped by subject type.
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Table 1. Demographic and clinical characteristics of the five subject groups included in the study.
Values are reported as mean =+ standard deviation. The Apnea—Hypopnea Index (AHI) represents
the number of apnea and hypopnea events per hour of sleep, computed separately for REM and
NREM stages.

Group Sex (F/M) Age (Years) BMI (kg/m?) AHI (REM) AHI (NREM)

HC 3/7 353 £ 15.5 23.6+14 79 £10.6 29+23
RBD 5/5 50.4 +14.9 256 £5.3 83+£56 45+43
OSAS 4/6 55.6 £12.7 28.5£4.0 40.2 £ 18.5 344 +£20.0
PLM 5/5 60.7 +£17.1 254 +£59 79=x6.1 52+41
Mixed 1/9 65.5 £10.3 26.7 £4.0 373 £195 269 £15.4

The recordings were acquired using two portable PSG systems, namely, the Somté PSG
device (Compumedics Ltd., Abbotsford, Victoria, Australia, https://www.compumedics.
com.au/en/products/somte-psg/ (accessed on 1 May 2026)), and the Nox A1s™ (Nox
Medical, Reykjavik, Iceland, https:/ /noxmedical.com/products/nox-al-psg-system/ (ac-
cessed on 1 May 2026)).

Both devices allow for the simultaneous acquisition of multiple physiological signals,
which can be exported as European Data Format files. However, for the purposes of this
study, only the ECG and PPG signals were considered for the subsequent analysis. For
the sake of clarity, PPG was measured from the index finger. Both the ECG and PPG were
sampled at 256 Hz in the Somté device, while Nox A1s™ sampling rates were of 200 Hz
and 75 Hz for ECG and PPG, respectively. Only six subjects were recorded with the Nox
A1s™, while the remainder were recorded using the Somté device. Given the frequency
content of the signals under study (PPG: 0.5-10 Hz, ECG in PSG: 0.5-100 Hz), the sampling
frequencies of both devices were more than sufficient to capture the relevant signal content
and are therefore not expected to have influenced the subsequent analyses.

3. Methods

Figure 2 illustrates the overall pipeline of this work. The first step consisted of data
acquisition, followed by ECG and PPG processing to obtain heart rate (HR) and pulse
rate (PR). Then, these were employed for extracting HRV and PRV features; finally, a
comparative analysis between those metrics was conducted. Detailed explanations of each
step are provided in the following sections.
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Figure 2. Visual summary of the analysis pipeline. ECG and PPG signals were collected and pre-
processed, followed by extraction of HRV and PRV features. Finally, a comparative analysis was
performed to assess the similarity between HRV and PRV.
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3.1. Data Analysis

Data were processed to extract relevant features for the study. All the analyses
described in this section were performed using Python with custom code and toolkits
(v. 3.12.3). First, sleep stages were manually scored by two experienced technicians (E.F.
and S.S.), and classified as wake, N1, N2, N3 (non-REM stages, from light to deep), or
REM, according to the American Academy of Sleep Medicine (AASM) guidelines [2]. The
analysis was conducted only on segments scored as sleep stages, excluding segments that
were either not scored or scored as wake, as these were deemed not relevant for the analysis.
The mean duration of all recordings was 06:52:17 &= 01:56:10 (hh:mm:ss).

3.1.1. Signal Pre-Processing

ECG and PPG signals acquired with the Nox device were first resampled to 256 Hz
to facilitate subsequent analyses by aligning sampling rates across devices. Then, to
attenuate noise and motion artifacts, a fourth-order Butterworth bandpass filter (5-30 Hz,
to emphasize the R-peaks) and a second-order Butterworth bandpass filter (0.5-8 Hz) [21]
were applied to the raw ECG and PPG signals, respectively.

3.1.2. Peaks Identification

The Python toolbox Neurokit2 (v.0.2.12) (Documentation available at: https://
neuropsychology.github.io/NeuroKit, accessed on 8 July 2025) [22] was used to iden-
tify peaks in ECG and PPG signals. In particular, an initial detection of R-peaks in the ECG
and systolic peaks in the PPG was performed using the NeuroKit and Elgendi methods [21],
respectively, both implemented within the library for automatic and robust peak detection.

After the initial peak identification, erroneous peaks were corrected using the kubios
method [23], a correction algorithm available in the toolbox that detects, classifies, and
corrects invalid peaks based on outliers in peak-to-peak interval differences.

To further reduce false detections, additional correction algorithms were specifically
developed and applied to ensure that each detected peak corresponded to a local maximum.
Furthermore, constraints on minimum and maximum inter-peak distances were introduced
to maintain a physiologically plausible heart rate (range 35-120 bpm); an example of peak
detection is provided in Figure S1 in the Supplementary Materials.

3.1.3. Feature Extraction

Based on the detected R-peaks in the ECG signal and the systolic peaks in the PPG
signal, RRI and PPI were respectively computed as the temporal differences between
consecutive peaks in each signal, respectively. Considering the physiological delay between
ECG and PPG, the temporal trends of RRI and PPI were aligned using cross-correlation.
HR and PR were then derived by converting RRI and PPI into beats per minute (bpm).

Inspection of the HR and PR signals revealed several inconsistent intervals, corre-
sponding to noisy or irregular segments in the underlying ECG and PPG recordings that led
to erroneous peak detection. These artifacts were generally limited to short time intervals.
To evaluate the impact of such noise and ensure a reliable comparison between HR and
PR, the corrupted segments were identified and excluded from the subsequent analysis,
as described in detail in Section 3.1.4. This constitutes a first, deliberately simple and
conservative approach aimed at removing only clearly corrupted segments, representing a
trade-off between limiting the influence of noise and avoiding overly complex or fine-tuned
procedures that might artificially affect HR-PR agreement. Accordingly, features were
extracted in two separate stages: (1) from the entire signal, including noisy and artifactual
segments, and (2) after removing windows affected by noise or artifacts.

https:/ /doi.org/10.3390/a19070531
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In both cases, time-domain (TD), frequency-domain (FD), and nonlinear features
(NLD) commonly used in HRV analysis were extracted [24], as summarized in Table 2.
Specifically, the full-night recordings were segmented into consecutive 5 min windows
(commonly referred to as short-term) [24,25], with a 30% overlap. HRV and PRV features
were computed within each window using the Neurokit2 toolbox [26]. Since RMSSD is
mathematically equivalent to SD1 (albeit on a different scale), reporting both would be
redundant [27]; therefore, only SD1 was retained in this study, and RMSSD was excluded.

Table 2. Features extracted from the ECG and PPG signals, grouped according to their category:
time-domain, frequency-domain, and nonlinear-domain.

Category Feature Description
MeanNN Mean normal-to-normal (NN) intervals
Time Domain SDNN Standard deviation of NN intervals
RMSSD Root mean square of successive NN intervals differences
VLF Spectral power in the frequency band < 0.04 Hz
LF Spectral power in the frequency band 0.04-0.15 Hz
Frequency Domain HF Spectral power in the frequency band 0.15-0.4 Hz
4 y LFn Normalized LF component
HFn Normalized HF component
LF/HF Ratio between LF and HF components
ApEn Approximate Entropy: Measure of regularity and complexity

of a time series
SampEn Sample Entropy: Measure of complexity of a physiological
time series

DFA aq Detrended fluctuation analysis, short-term fluctuations
. . DFA «p Detrended fluctuation analysis, long-term fluctuations
Nonlinear Domain L. . ) O .
SD1 Standard deviation of Poincaré plot in direction perpendicular
to the line of identity
SD2 Standard deviation of Poincaré plot in direction parallel to the

line of identity
SD1/SD2 Ratio between SD1 and SD2

3.1.4. Removal of Artifactual Segments

As introduced earlier, the detection of artifactual intervals was performed starting
from the HR and PR signals, and time windows were discarded from both signals if they
were considered invalid in at least one of the two.

In more detail, artifactual segments were defined as windows containing values ex-
ceeding the mean +3- standard deviation, and marked as outliers. A window was rejected
if the number of outliers exceeded a predefined threshold (outliers). To avoid excluding
physiologically plausible values outside this range and to make the procedure more con-
servative, an additional rejection criterion based on HR-PR agreement was introduced.
Specifically, for windows exceeding the threshold outliers, the absolute difference between
HR and PR was evaluated: a window was discarded if the number of samples with a
discrepancy greater than /i, (10 or 20 bpm) was at least samples.

Table 3 summarizes the evaluated rejection methods and corresponding employed
parameters. Different window lengths (5, 10, 20, and 30 s) were tested, with outliers
and samples scaled proportionally to the window duration (see Methods 1-4). A 10 s
window was ultimately selected as the optimal trade-off between signal quality and data
retention, as performance differences between 5 s and 10 s were negligible, while the 10 s
setting provided a more conservative choice in terms of artifact handling. In contrast,
longer windows (20 s and 30 s) led to an unnecessary reduction of clean signal portions
without corresponding gains in stability or robustness. For completeness, two additional
approaches were also considered: rejection based solely on outliers (Method 5) and rejection
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based solely on HR-PR discrepancy (Method 6). Finally, Method 7 corresponds to Method 2
with a stricter threshold for /iin (10 bpm instead of 20 bpm).

For the remainder of this paper, All Windows denotes the case where the entire signal
is retained for feature extraction (i.e., no rejection is applied), whereas Method N (e.g.,
M1-M7) refers to the case where artifactual segments have been removed according to the
selected strategy.

Table 3. Summary of the evaluated window rejection methods (denoted as M1-M?7 in the table).
Window indicates segment duration (seconds); outliers is the minimum number of values exceeding
the threshold required to flag a window, while samples is the minimum number of points where the
HR-PR difference exceeds hyin (bpm).

Method Window (s) Outliers (N) Samples (N) hmin (bpm)
M1 5 1 1 20
M2 10 1 1 20
M3 20 2 2 20
M4 30 3 2 20
M5 10 1 0 20
M6 10 0 1 20
M7 10 1 1 10

3.2. Statistical Analysis and HRV-PRV Comparison
3.2.1. Similarity Assessment

The association between HRV and PRV features described in Section 3.1.3 was evalu-
ated using both Pearson and Spearman correlation coefficients [28]. These features describe
linear and monotonic associations, respectively, and provide a preliminary assessment
of the relationship between the two signal modalities, given the heterogeneous nature
of the computed features. Correlation coefficients (Pearson’s r and Spearman’s p) were
computed per-subject for each feature, considering both the original signals (All Windows)
and those obtained after the removal of noisy windows using the selected method from the
proposed approach. Subsequently, for each feature, mean correlation values were calcu-
lated across all subjects. To assess inter-group variability, the average correlation values
were also computed separately for each subject group (i.e., HC, RBD, OSAS, PLM, and
Mixed). The distribution and variability of correlation values was examined using boxplots
and quantified through the interquartile range (IQR) and the coefficient of variation (CV).
To better characterize the uncertainty of the results, 95% confidence intervals (CI) were
computed using subject-level bootstrap resampling. Bootstrap procedures were applied at
the subject level for both All Windows and after the selected noise-removal procedure, using
5000 iterations. Finally, agreement between HRV and PRV features was further explored
using Bland—Altman analysis, which also allowed the assessment of systematic bias and
the limits of agreement between the two measurement methods. In addition, 95% CI were
computed for the Bland-Altman analysis, following the approach described above.

3.2.2. Equivalence Testing and Statistical Analysis

Given the heterogeneity of the feature scales, to enable a consistent comparison be-
tween HRV and PRV features across subjects, all features were normalized through a
cross-subject, per-feature robust scaling approach. For each feature, the median and IQR
were computed by concatenating the obtained HRV and PRV values across all subjects,
and used to normalize values. This procedure ensured comparability across features while
reducing sensitivity to outliers.

Then, the equivalence between HRV- and PRV-derived was assessed through the Two
One-Sided Tests (TOST) procedure [29], which evaluates whether the difference between
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two measurements lies within a predefined equivalence margin (g). Equivalence margins
were defined relatively to the normalized feature scale; hence, € values correspond to frac-
tions of the feature variability. Specifically, values of 0.05, 0.08, 0.1, and 0.2 were selected,
representing tolerances of 5, 8, 10, and 20% of the IQR, and reflecting increasing levels
of acceptable deviation. Given the absence of clinically validated equivalence thresholds
for HRV-PRV comparison in sleep recordings, a data-driven IQR-based definition was
adopted to ensure scale-independent and comparable criteria across heterogeneous fea-
tures. Moreover, these margins were selected to reflect tolerance levels appropriate for
screening-oriented applications, where moderate agreement may still be acceptable in
large-scale contexts.

For each feature, TOST was applied at the subject level by comparing paired HRV- and
PRV-derived feature values within each participant. Hence, although features were com-
puted from overlapping 5 min windows, they were not treated as independent observations
in the equivalence analysis. Rather, equivalence was assessed separately for each subject,
and established when p < 0.05. Then, to obtain a feature-level assessment and highlight
which features were more suitable for wearable-based screening, the proportion of subjects
for which equivalence was demonstrated (TOST p < 0.05) was computed for each feature.
Features were then classified according to their suitability for screening, as follows:

* High Equivalence: >70% of subjects showing equivalence.
*  Moderate Equivalence: 50-70% of subjects showing equivalence.
*  Low Equivalence: <50% of subjects showing equivalence.

This aggregation strategy reflected the intended use in large-scale screening based
on wearable devices, where stable classification across the majority of subjects is required
to ensure practical applicability. To evaluate the consistency the results to the choice of
¢, the analysis was repeated for the four selected equivalence margins (e = 0.05, 0.08, 0.1,
0.2). Feature robustness was defined as the proportion of € values for which a feature was
considered ideal or acceptable. Features consistently meeting such criteria across ¢ values
were considered robust, and indicated stable equivalence across realistic tolerance levels.
In addition, to improve transparency and support interpretation of mean-level differences
between HRV- and PRV-derived features, 95% bootstrap CI were computed at the subject
level for the mean paired differences.

Finally, to assess potential systematic differences at the subject level, distribution
testing was applied to the paired HRV and PRV features. A Shapiro-Wilk test [30] was first
applied to evaluate the normality of the distributions, using arrays of feature values com-
puted every 5 min. Since most feature distributions did not meet the normality assumption,
the non-parametric Wilcoxon signed-rank test [31] was selected for pairwise sample com-
parison; a significance level of & = 0.05 was adopted. In addition to p-values, effect sizes
were computed to quantify the magnitude of the observed differences beyond statistical
significance. In this study, Wilcoxon tests and effect sizes were used for complementary
purposes and to characterize systematic bias between HRV and PRV to support interpreta-
tion of the results, rather than as unique criteria for feature selection. In particular, features
showing statistically significant differences (p < 0.05) were not excluded if equivalence
was previously demonstrated through the TOST procedure. Effect sizes were instead used
to provide additional context on the magnitude of bias and to support the interpretation
and comparative ranking of features in terms of robustness.

The described statistical analyses were conducted for the two selected pre-processing
pipelines (All Windows and the selected rejection method), and feature equivalence and
robustness were evaluated independently for each method. Comparative analyses focused
on the consistency of equivalence across all € values, with particular emphasis on features
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that remained robust throughout the application of the selected rejection method, to assess
its suitability for PRV-based screening applications.

4. Results
4.1. Selection of the Window Rejection Method

Table 4 reports the percentage of signal removed (mean + standard deviation, with
minimum and maximum values across subjects) for each tested method.

The optimal method was selected by jointly considering the amount of discarded signal
and the resulting correlations between HRV- and PRV-derived features were considered
(reported in Tables S2 and S3 in the Supplementary Materials).

Among the evaluated configurations, M3 and M4 yielded only marginal improve-
ments in correlation, whereas the remaining methods led to more substantial increases.
In particular, M1 showed low correlation while also removing the smallest fraction of
segments, likely because the 5 s window is too short to reliably capture artifactual behavior.
Conversely, M5 produced the highest percentage of removed windows, as it relies solely on
the number of outliers; indeed, in some cases this can lead to the exclusion of segments that
still exhibit good agreement between HR and PR. M6 and M7 achieved some of the highest
correlation values; however, they were found to be overly selective. Specifically, M6 relies
exclusively on the HR-PR differences, while M7 applies a particularly strict threshold on
allowable bpm discrepancies.

Table 4. Percentage of signal removed for each tested window rejection method (mean =+ standard
deviation, minimum and maximum values).

Method Mean =+ STD (%) Min (%) Max (%)
M1 2.04 +1.51 0.41 7.45
M2 3.54 +2.44 0.79 9.75
M3 6.23 £4.18 1.37 19.42
M4 8.89 + 5.87 2.12 28.31
M5 7.98 + 6.44 1.86 35.05
M6 4.02+2.72 0.86 11.09
M7 441 +2.87 1.04 12.33

Based on these considerations, M2 was selected as the optimal trade-off, balancing im-
proved correlation, moderate signal removal, and robustness in identifying noisy segments
without being overly restrictive (Figure 3). As shown in Figure S2 in the Supplementary
Materials, following the application of M2, the temporal trends of the features exhibit

greater overlap, indicating improved agreement between HRV- and PRV-derived metrics.
Table 5 reports the proportion of segments identified as noisy and removed using M2,

across subject groups. As appreciable, the rejected percentage remains below 10% for all
subjects (8.14 £ 1.81%), with the lowest values observed in the HC group.

Table 5. Percentage of signal removed with the selected method M2. The mean =+ standard deviation,
minimum and maximum are reported for each category (HC, RBD, OSAS, PLM, Mixed).

Group Mean + STD (%) Min (%) Max (%)
HC 2.80 £ 1.69 0.88 5.90
RBD 4.00 £+ 2.89 0.79 9.75
OSAS 352+271 1.23 9.43
PLM 3.20£1.70 0.83 6.45
Mixed 4.20 £ 2.66 1.70 9.16
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Figure 3. Excerpt of ECG and PPG signals with detected peaks (red dots), along with HR (solid
orange line) and PR (solid blue line). Artifactual segments identified with M2 are highlighted in
yellow.

4.2. Correlation Between Heart- and Pulse-Derived Features

As described in Section 3.2.1, correlation analyses were performed between HRV and
PRV features under both the All Windows condition and after removal of noisy segments.
Tables S2 and S3 in the Supplementary Materials report the average Pearson and Spearman
correlation coefficients between HRV and PRV features for the different methods, computed
across all subjects. Supplementary Table S4 reports the median correlation values for both
methods alongside the 95% CI, and Supplementary Figure S4 displays the CI range.

Overall, correlation values increased after applying M2 in all extracted features, indi-
cating improved association between HRV and PRV after exclusion of low-quality windows.
A comprehensive comparison of correlation values between All Windows and M2 is shown
in Supplementary Figure S3. Under the All Windows condition, Pearson’s r values were
consistently above 0.5, with 66.7% of features exceeding 0.6. After applying M2, correlations
further improved, with all features exceeding 0.7, except for ApEn, which remained slightly
lower (0.66). A similar trend was observed for Spearman’s p, with most features exceeding
0.7 after M2, while ApEn again showed a lower value (0.64).

In addition to increasing correlation values, M2 also reduced variability across subjects.
As shown in Figure 4, the distribution of both Pearson and Spearman coefficients becomes
narrower after removal of artifactual segments, with a noticeable reduction in dispersion.
This is reflected in lower IQR and higher median values compared to All Windows, indicat-
ing more consistent agreement between subjects. This reduction in variability is further
supported by the analysis of additional metrics, with both the CV and IQR decreasing after
applying M2 (Figures S5 and S6 in the Supplementary Materials).

Figure 5 presents the correlation values by subject group. Higher agreement is gener-
ally observed in HC, OSAS, and PLM subjects, whereas lower values are found in the RBD
and Mixed group. Despite this inter-group differences, the application of M2 consistently
improved correlation across all groups, although some variability within subjects persists.
However, sub-group analyses are reported in an exploratory and descriptive framework
due to the limited sample size within each clinical group.

Finally, agreement between HRV and PRV was further evaluated using Bland-Altman
analysis (Figure 6); Supplementary Table S5 further reports the Bland—Altman bias for each
feature together with its 95% bootstrap CI, for both the All Windows and M2 conditions,
providing an estimate of the uncertainty of the systematic difference between HRV and PRV.
Following the application of M2, limits of agreement decreased for most features, indicating
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reduced dispersion between the two measures. In addition, the mean difference between
HRYV and PRV approached zero for the majority of features, suggesting a considerable
reduction in systematic bias. However, a residual bias remains for specific features (as
appreciable for LFn, LF/HF, ApEn, SampEn, and SD1/SD2) which continue to show a
non-negligible difference even after noise removal.
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Figure 4. Boxplots of Pearson (top) and Spearman (bottom) correlations for all features, comparing
All Windows signal (in teal) with the cleaned signal after M2 rejection (in magenta).
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Figure 5. Average Pearson (top) and Spearman correlations (bottom), grouped by subject category:
HC (green), RBD (orange), OSAS (yellow), PLM (blue) and Mixed (purple). Correlations were
calculated on the features after removing noisy windows (M2).
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Figure 6. Bland—Altman plots for each variable comparing HRV and PRV features. Each point
represents the mean value of the feature for a single subject. The x-axis shows the average of HRV
and PRV values, while the y-axis shows their difference. Solid line: mean difference; dotted lines:
95% limits of agreement.

4.3. Equivalence and Bias Analysis

Since correlation and Bland-Altman analyses describe the strength of association
and the presence of systematic bias between HRV and PRV features, formal evaluation
of whether the observed differences are acceptable for practical use in clinical screening
studies was conducted. This approach is grounded on the idea that high correlation does
not imply agreement, and small but statistically significant biases may still be compatible
with screening applications, provided that accurate correction is performed. To address
this, as described in Section 3.2.2, a TOST procedure was applied, complemented with a
Wilcoxon signed-rank test to further characterize residual bias.

Table 6 reports the equivalence summary for All Windows and M2, across all tested
equivalence margins (¢), and reports the robustness of features to the choice of e. Specifi-
cally, for each feature, the proportion of subjects satisfying the equivalence criterion was
computed, providing a measure of both agreement and robustness. Overall, the application
of M2 resulted in a substantial increase in the percentage of subjects satisfying equivalence
compared to the All Windows condition.

In more detail, for € = 0.2, 8 out of 15 features demonstrated high equivalence (i.e.,
>70% of subjects), while 5 showed moderate, and 2 low (average: 47%). Similar trends
were observed across the other equivalence margins, with more stringent e values leading
to a reduction in the number of features meeting the equivalence criterion, as expected.

As appreciable, some features (MeanNN, SDNN, VLF, SD2) demonstrated good
agreement across multiple € values, indicating stable equivalence between HRV and PRV
representations. Specifically, Mean NN exhibited 100% concordance in all tested ¢ val-
ues with M2, and thus it could be considered reliable even with strict equivalence mar-
gins. Moderate-to-high equivalence was found for SONN, VLF, and SD2 at values of
e =[0.08, 0.1], suggesting their reliability in real-world scenarios, where inter-subject vari-
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ability is high. Conversely, other features (HFn, LFn, LF/HF, LF, DFA a1, DFA a3, SD1)
exhibited sensitivity to the choice of ¢, suggesting that their agreement depends on the
tolerated level of deviation, and thus might not be adequate for use in screening purposes.

To complement the equivalence analysis, as described earlier, the Wilcoxon signed-
rank test was used to assess the extent of systematic differences between HRV and PRV
features, previously investigated with Bland—Altman plots (cf. Section 4.2). The percentage
of subjects for which no significant difference was observed (p > 0.05) was computed
for each feature, along with the average effect size together with its 95% bootstrap CI.
Subject-level CI for mean differences are reported in detail in Supplementary Table Sé6.

The results show that for some of the other extracted features, statistically significant
differences persist across subjects, despite high equivalence rates observed with TOST,
revealing moderate-to-high percentage of bias.

In particular, for ¢ = 0.2, features SONN, LFn, HFn, LF, HF, DFA ay, SD1 and
5D2 exhibited moderate-to-high equivalence rate, but relatively low percentage of non-
significant Wilcoxon results, indicating the presence of consistent bias, though small, as
previously highlighted through the Bland—Altman analysis. A similar trend is observed
for e = 0.1 (with SDNN, SD2, DFA a;) and € = 0.08 (SDNN, SD2). Effect size analysis
revealed small-to-moderate effect sizes, suggesting that these differences remain limited
in magnitude.

On the other hand, Mean NN, describing the average time between successive heart-
beats, consistently exhibited very low percentage of bias across all tested ¢ margins. Sim-
ilarly, VLF (which exhibited moderate-to-high equivalence rate for ¢ = [0.08, 0.1, 0.2])
consistently showed low bias in the tested subjects.

Overall, these results suggest that a large subset of features achieves practical equiv-
alence between HRV and PRV, particularly after the application of M2. Residual biases
identified through the Wilcoxon test are generally small and do not preclude the use of
these features in screening contexts, where approximate agreement is considered sufficient.

Table 6. Percentage of subjects for which each HRV feature is equivalent to the corresponding PRV
feature, evaluated across different equivalence margins (¢). For each epsilon, results are reported
for the original full signal (All Windows, AW) and after removing noisy windows (M2). x: indicates
features that showed an increase in equivalence after cleaning.

e = 0.05 e = 0.08 e =0.1 e =0.2
AW M2 AW M2 AW M2 AW M2

MeanNN  98% 100% *  98% 100% *  98% 100% *  100% 100%
SDNN 14% 38%*  26% 58%*  34% 72%*  66% 88% *

Feature

LFn 4% 10%*  22% 34%*  32% 44% * 74% 80% *
HFn 10% 18%*  26% 34%*  30% 40%*  52% 72%*
LE/HF 10% 14% * 14% 22%*  18% 28%*  42% 48% *
VLF 10% 28%*  40% 66%*  56% 84%*  90% 92% *
LF 2% 16% * 10% 28% * 18% 34%*  52% 82% *
HF 2% 10%* 8% 18%*  16% 36%*  36% 58% *
ApEn 4% 4% 14% 16%*  22% 26%*  50% 52% *
SampEn 10% 2% 18% 16% 28% 24% 52% 54% *
DFA aq 10% 32%* 18% 46%*  22% 36%*  44% 56% *
DFA «; 6% 46% * 16% 24% * 24% 54% * 52% 72% *
SD1 6% 16% * 10% 24%*  20% 28%*  34% 62% *
SD2 16% 66%*  42% 82%*  52% 88%*  76% 96% *
SD1/SD2 6% 12% * 10% 20%*  20% 22%*  36% 46% *

https:/ /doi.org/10.3390/a19070531


https://doi.org/10.3390/a19070531

Algorithms 2026, 19, 531

14 of 20

4.4. Practical Implications for Screening

Based on the integrated assessment of TOST equivalence, Wilcoxon characterization,
and effect size analysis, practical recommendations for feature use in screening applications
were formulated. Features were hence classified according to a two-tier framework: (1) a
primary classification based on TOST equivalence rate (i.e., percentage of subjects meeting
the equivalence criterion, as described in the previous section), and (2) a complementary
evaluation integrating Wilcoxon test results and effect size to characterize bias properties
and variability.

Features achieving equivalence above 70% were deemed suitable for screening and
were further stratified according to the presence and magnitude of bias. Specifically, fea-
tures exhibiting both high equivalence and no significant bias were assigned a “High
Suitability” label. Features with high equivalence but systematic bias and small effect sizes
(below 0.5) were classified as “Suitability with bias correction”, as the observed bias, although
statistically significant, remained within acceptable equivalence margins and could po-
tentially be corrected with linear transformation. Features with moderate equivalence
(50-70%) and favorable Wilcoxon characteristics (e.g., low bias percentage, small effect size)
were assigned a “Conditional Suitability” recommendation, and considered appropriate for
screening only when combined with more robust features. Conversely, features achieving
moderate TOST equivalence (50-70%) but exhibiting unfavorable bias characteristics, or
features with high variability (large effect sizes irrespective of equivalence rate), were
classified as “Supplementary Features”, appropriate exclusively as auxiliary indicators rather
than primary screening metrics. Finally, features failing to meet the 50% equivalence
threshold were classified as “Not Recommended” for screening applications. Table 7 reports
the recommendations for the best features in each of the explored equivalence margins;
features that remain equivalent across multiple ¢ thresholds indicate higher robustness and
suitability for large-scale screening applications.

Table 7. Results of the integrated, two-level analysis. For each tested equivalence margin (¢), the
Table reports the best features, along with the percentage of equivalence assessed through TOST, the
percentage of subjects for which no bias was observed through Wilcoxon test (WI), the effect size
[Lower CI, Upper CI], and the practical recommendation for use in screening scenarios.

Feature TOST WI Effect Size Recommendation

e=0.05

MeanNN 100% 70% 0.157 [0.129, 0.189] High Suitability

SD2 66% 6% 0.605 [0.537, 0.668] Supplementary Feature
£=10.08

MeanNN 100% 70% 0.157[0.129, 0.189 High Suitability

SDNN 58% 8% 0.631 [0.568, 0.692 Supplementary Feature
VLF 66% 66% 0.162 [0.125, 0.200 Supplementary Feature
SD2 82% 6% 0.605 [0.537, 0.668 Conditional Suitability
e=0.1

MeanNN 100% 70% 0.157[0.129, 0.189 High Suitability

SDNN 72% 8% 0.631 [0.568, 0.692 Conditional Suitability
VLF 84% 66% 0.162 [0.125, 0.200 Suitability (Bias Correction)
DFA «y 54% 16% 0.526 [0.451, 0.600 Supplementary Feature
SD2 88% 6% 0.605 [0.537, 0.668 Conditional Suitability
e=02

MeanNN 100% 70% 0.157[0.129, 0.189 High Suitability

SDNN 88% 8% 0.632 [0.568, 0.692 Conditional Suitability
VLF 92% 66% 0.162 [0.125, 0.200 Suitability (Bias Correction)
LF 82% 18% 0.347 [0.298, 0.397 Suitability (Bias Correction)
SD2 96% 6% 0.605 [0.537, 0.668 Conditional Suitability

As mentioned in the previous Section, Mean NN consistently exhibited high equiva-
lence and low bias across all explored ¢ values, and was assigned a “High Suitability” label
in all configurations.
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This pragmatic classification prioritizes equivalence as the primary criterion while
acknowledging that small, consistent biases do not preclude clinical utility in prelimi-
nary screening contexts, where subsequent confirmatory testing with gold standard PSG
is performed.

5. Discussion

This study aimed to compare HRV derived from ECG and PRV derived from PPG
in full-night PSG recordings, including both healthy individuals and patients with sleep
disorders. In particular, the role of signal pre-processing was investigated to determine
whether the removal of artifactual segments could improve the reliability of PRV as a
surrogate for HRV in long-term monitoring and clinically heterogeneous conditions.

Overall, the results demonstrate good concordance between HRV and PRV features,
supporting the use of PPG as a possible alternative to ECG for estimating cardiac variability
in full-night sleep recordings. These findings are in line with previous studies reporting
good correspondence between HRV and PRV in healthy subjects [8,18,32].

However, earlier work has mainly focused on short-term recordings or controlled
experimental settings, typically limited to 5-15 min [9-11], and did not include clinical
populations. In contrast, the present study extends this comparison to full-night record-
ings across multiple subject groups. Despite the increased complexity associated with
prolonged monitoring and the presence of pathological conditions, correlations between
ECG- and PPG-derived features remained generally high, with most features exceeding 0.7.
Importantly, the removal of artifactual segments using the selected pre-processing method
(M2) consistently improved correlation across all features. This emphasizes the importance
of artifact handling in long-term recordings, where signal quality may fluctuate. Residual
variability in correlation values is still observed, reflecting both inter-subject differences and
intra-group heterogeneity. These variations may be associated with differences in disease
severity as well as individual physiological characteristics. This observation aligns with
previous studies indicating that PRV can be influenced by signal quality, motion artifacts,
and underlying pathophysiological conditions [12,16].

Moreover, the analysis of the extracted features identified a subset showing consistent
equivalence across the explored margins, suggesting higher robustness and suitability for
large-scale screening applications. In particular, MeanNN exhibited high equivalence and
low bias across all e margins, indicating reliability in clinical contexts. VLF showed high
equivalence for € = [0.1, 0.2], despite a residual systematic bias. However, the relatively
small effect size (0.162) suggested that this feature may still be usable for screening purposes
after appropriate bias correction. Conversely, features such as SD2 and SDNN showed
only moderate equivalence through TOST, together with substantial bias and moderate-
to-large effect sizes (0.605 and 0.631, respectively). In these cases, bias correction alone
is unlikely to be sufficient, and these features should either considered as support-only
(e.g., SD2 at ¢ = 0.05 and SDNN at ¢ = 0.08), or used with caution under less stringent
equivalence margins.

Despite these encouraging results, some limitations should be acknowledged. First,
group-wise analyses revealed variability both across subjects and within each clinical
group. Although participants were categorized by disease type, individual differences in
disease severity and subject-specific factors persist within each group and may influence
the results. However, given that the objective of this study is to assess the suitability of PPG
for screening applications rather than fine-grained diagnostics, the observed variability
does not undermine the overall robustness of this approach.

Second, the extracted features exhibited heterogeneous behavior across domains. In
particular, time-domain features (e.g., Mean NN, SDNN) generally showed greater stability
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between ECG and PPG, whereas some frequency-domain features were less consistent,
particularly normalized indices and ratios (e.g., LF/ HF). Nonlinear features appeared to
be the most challenging, with measures such as ApEn showing lower robustness compared
to alternative features such as SampEn or DFA exponents. These differences, together with
the considerations on the usability of features, highlight the importance of careful feature
selection, depending on the intended application. From a physiological perspective, such
domain-dependent behavior may be influenced by multiple interacting factors, including
pulse transit time, peripheral vascular dynamics, and modality-specific acquisition charac-
teristics. However, disentangling these effects was beyond the scope of the present study,
which primarily focused on the technical comparison between ECG- and PPG-derived met-
rics. Future studies involving dedicated physiological and clinical analyses will be required
to better interpret these mechanisms and their impact on wearable-derived biomarkers.

Third, the proposed method for detecting and removing artifactual relied on the
simultaneous availability of ECG and PPG signals. While this requirement was necessary
in the present study to enable a controlled comparison between modalities, it inhrently
limits direct applicability in real-world scenarios based on wearable or consumer-grade
technologies. Furthermore, the proposed cleaning strategy was intentionally designed to be
simple and conservative, targeting only clearly corrupted segments rather than performing
fine-grained artifact removal. This choice aimed to balance improvements in signal quality
and minimal intervention on the original recordings. Nevertheless, future work will focus
on developing more advanced and fully modality-independent noise detection strategies,
with particular emphasis on PPG-only approaches, to enhance applicability in real-world
wearable and consumer-grade settings.

Another aspect to consider is the heterogeneity of the acquisition systems used in
this study. Although the sampling frequencies of both ECG and PPG were adequate for
capturing the physiological signals of interest and all recordings were processed using a
consistent pipeline, differences in sensor technology and acquisition conditions may still
introduce variability that was not explicitly quantified in the present work. Future studies
will investigate the robustness of the proposed approach across ambulatory and wearable
platforms to further support its generalizability.

Finally, although the study includes multiple subject groups, the overall cohort size
remains relatively small (50 subjects in total, with only 10 subjects per clinical group),
which may limit generalizability to broader and more heterogeneous clinical populations.
Importantly, sub-group analyses should be interpreted as exploratory and descriptive in
nature, given the limited sample size per group; these results should therefore be regarded
as preliminary and require validation in larger and more diverse cohorts. Future studies
will include larger populations spanning different demographic and clinical characteristics
to confirm the robustness of the observed findings.

6. Conclusions

This study demonstrates that PPG-derived PRV features approximate ECG-derived
HRYV features over full-night PSG recordings, even in heterogeneous populations includ-
ing healthy subjects and patients with various sleep disorders. Careful pre-processing,
particularly regarding the removal of artifactual segments, substantially demonstrated
improved agreement between HRV and PRV features, thus mitigating variability due to mo-
tion artifacts or signal quality. Most features showed strong correlations (above 0.7), with
time-domain features and certain nonlinear measures being the most stable, while some
frequency-domain and nonlinear features, such as ApEn, were more sensitive to noise.

These findings extend previous evidence from short-term, controlled studies [9-11]
to longer recordings and clinical populations, supporting the validity of PPG as a reliable
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surrogate for HRV assessment under real-world conditions. The results also emphasize
the importance of careful feature selection and pre-processing to ensure consistent PRV
estimation, particularly for frequency-domain and nonlinear features.

Overall, this work supports the development of wearable-based screening systems
relying primarily on PPG and other wrist-derived signals to detect deviations from physi-
ological sleep. While such systems are not intended to replace PSG, they offer a scalable
and less invasive solution for large-scale pre-screening. In clinical practice, this approach
could facilitate the early identification of individuals requiring comprehensive overnight
evaluation, thereby reducing the burden on sleep laboratories and optimizing the allocation
of diagnostic resources.

Looking ahead, the validation of such observations in larger and more diverse cohorts
and the definition of robust and reproducible automated artifact detection methods (possi-
bly based solely on PPG) could further enhance the robustness and applicability of PRV for
both long-term monitoring and screening of sleep disorders.

Further studies are required to evaluate the feasibility and robustness of this approach
in truly wearable-based settings, where signal acquisition is less controlled and subject to
higher levels of motion artifacts and environmental noise. Furthermore, recent advances in
high-sensitivity measurement of pulsatile blood flow, specifically Speckleplethysmography
(SpG) [33] and Diffuse Speckle Pulsatile Flowmetry (DSPF) [34], offer promising opportu-
nities to enhance traditional PPG-based cardiovascular monitoring and should be further
explored in future studies.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/a19070531/s1, Figure S1: Example of filtered ECG (in orange)
and PPG (in blue) signals with detected R-peaks and systolic peaks, respectively; Figure S2: Trends
of HRV and PRV metrics over time for an example subject (Patient 13). The top panel shows the
features computed over All Windows, while the bottom panel displays the features after removing
noisy windows using Method 2. The Pearson (1) and Spearman (p) correlation values are also
reported for each subplot; Figure S3: Average Pearson (top) and Spearman correlation coefficients
(bottom) across all subjects for all features, comparing All Windows (teal) and M2 (magenta); Figure S4:
Bootstrap-based 95% confidence intervals of Pearson (left) and Spearman (right) correlations. For
each metric, results are reported for the All Windows condition (teal) and M2 (magenta). The colored
markers indicate the central tendency (mean of the bootstrap distribution), while the horizontal
segments represent the corresponding 95% bootstrap confidence intervals [Lower CI, Upper CIJ;
Figure S5: CV values of Pearson (left) and Spearman (right) correlations across all features, comparing
All Windows (teal) and M2 (magenta); Figure S6: IQR values of Pearson (left) and Spearman (right)
correlations across all features, comparing All Windows (teal) and M2 (magenta); Table S1: Values of
metrics derived from ECG and PPG for the whole signal (All Windows) and after removal of some
noisy windows (M2), computed across all 50 subjects in the dataset. Values are expressed as mean
+ standard deviation; Table S2: Pearson correlation coefficients between HRV and PRV metrics for
each feature and window removal method. The values represent the average across all subjects and
are expressed as mean = standard deviation; Table S3: Spearman correlation coefficients between
HRV and PRV metrics for each feature and window removal method. The values represent the
mean across all subjects and are expressed as mean =+ standard deviation; Table S4: Median Pearson
and Spearman correlation coefficients obtained for the All Windows and M2 conditions. Values
are reported as median correlations with their corresponding 95% bootstrap confidence intervals
[Lower CI, Upper CIJ; Table S5: Bias values of Blan-Altman and their corresponding 95% bootstrap
confidence intervals [Lower CI, Upper CIJ; Table S6: Mean difference between HRV and PRV features
and their corresponding 95% bootstrap confidence intervals [Lower CI, Upper CI].
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Abbreviations

The following abbreviations are used in this manuscript:

AASM American Academy of Sleep Medicine
AHI Apnea-Hypopnea Index

ApEn Approximate entropy

bpm Beats per minute

CI Confidence intervals

Ccv Coefficient of variation

DFA a4 Detrended fluctuation analysis &g
DFA «y Detrended fluctuation analysis ay
DSPF Diffuse Speckle Pulsatile Flowmetry
ECG Electrocardiography

EEG Electroencephalography

EMG Electromyography

EOG Electro-oculography

FD Frequency-domain

HC Healthy controls

HF High frequency

HFn Normalized HF

HR Heart rate

HRV Heart rate variability

IOR Interquartile range

LF Low frequency

LFn Normalized LF

M2 Method 2

MeanNN Mean of normal-to-normal intervals
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NLD Nonlinear-domain

NN Normal-to-normal intervals

OSAS Obstructive sleep apnea syndrome
PLM Periodic limb movements

PPG Photoplethysmography

PPI Peak-to-peak interval

PR Pulse rate

PRV Pulse rate variability

PSG Polysomnography

RBD REM sleep behavior disorder

REM Rapid eye movement

RMSSD Root mean square of successive differences
RRI R-R interval

SampEn Sample entropy

SD1 Short-term variability of HRV

SD2 Long-term variability of HRV
SDNN Standard deviation of NN intervals
SpG Speckleplethysmography

D Time-domain

VLF Very low frequency
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