pyPSG: Integrated Python Toolbox for Multimodal Cardiovascular Signal
Analysis and Biomarker Extraction

Szabolcs M. Péter?, Balint Krist6f!, Krist6f Miiller! and Mérton A. Goda®

'Faculty of Information Technology and Bionics, Pdzmany Péter Catholic University, Budapest,
Hungary

Abstract

Most diagnostic methods for cardiovascular diseases
(CVDs) are time- and expertise-intensive. Machine learn-
ing offers a promising solution by enabling automated
analysis of physiological signals. Effective feature en-
gineering from physiological signals is essential for de-
veloping reliable machine learning models. This paper
presents pyPSG, an open-source Python toolbox that in-
tegrates electrocardiogram (ECG), photoplethysmography
(PPG), oxygen saturation (SpO-), and heart rate variabil-
ity (HRV) analysis within a unified framework. The toolbox
provides standardized functions for signal loading, pre-
processing, fiducial point detection, biomarker extraction,
and visualization by integrating existing open-source tool-
boxes, while providing a framework that can be extended
to support additional physiological signals. To evaluate
the toolbox, biomarkers extracted using pyPSG were used
to classify recordings from the 2015 PhysioNet/Computing
in Cardiology Challenge dataset using Logistic Regres-
sion, Random Forest, and XGBoost classifiers. Further-
more, the proposed pyPSG workflow was compared with
multiple PhysioNet Challenge 2015 solutions. The al-
gorithm developed using the new pyPSG toolbox did not
outperform existing approaches, but achieved comparable
performance. pyPSG is available on: https://pypsg-githu
b.readthedocs.io/

1. Introduction

Cardiovascular diseases (CVDs) are responsible for ap-
proximately 17.9 million deaths annually [1]. With the
help of machine learning (ML) methods, easily measurable
biological signals such as PPG can be utilized to comple-
ment or even replace traditional, more complex diagnostic
procedures. To support the preprocessing of such ML ap-
proaches, a Python-based toolbox has been developed, ca-
pable of handling PPG, electrocardiographic (ECG), oxy-
gen desaturation (SpO2), heart rate variability (HRV), and
beat rate variability (BRV) signals. It is important to note

that individual toolboxes for each signal type already exist,
as well as the PhysioZoo platform [2], which integrates se-
veral of these tools. The proposed new toolbox integrates
them into a unified environment and extends their func-
tionality.

1.1.  Cardiovascular signals

Combining multiple physiological signals improves the
robustness of cardiovascular analysis. A unified platform
also enables multimodal signals to be visualized and ana-
lyzed in a standardized format. Under challenging clinical
conditions, individual signals are often degraded by noise,
motion artifacts, or sensor disconnections. In such cases,
missing or unreliable information can be compensated for
using complementary signal modalities. Furthermore, dif-
ferent physiological signals reflect different physiological
processes, making multimodal analysis particularly valu-
able for complex tasks such as arrhythmia classification
[3]. Additionally, multimodal analysis enables the extrac-
tion of metrics derived from multiple signal modalities,
such as Pulse Transit Time (PTT). PTT represents the tem-
poral delay between the electrical activation of the heart
detected by ECG and the arrival of the corresponding pulse
wave at a peripheral measurement site [3].

1.2. Multimodal physiological toolboxes

Over the past decades, various open-source toolboxes
have been developed for physiological signal processing.
These tools support a wide range of signal modalities and
provide various functionalities, including preprocessing,
fiducial point detection, heart rate variability analysis, and
biomarker extraction. However, their capabilities differ re-
garding supported signal types, extracted biomarkers, and
processing pipelines. Consequently, multimodal cardio-
vascular analysis often requires combining several inde-
pendent software packages, resulting increased implemen-
tation complexity. Multimodal physiological signal tool-
boxes and their key capabilities relevant to pyPSG are sum-
marized in Table 1.
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Table 1: Capabilities of Python-based multimodal physio-
logical signal toolboxes relevant to pyPSG. v: available;
X: not available; ~: partial/limited support.

2. Materials and Methods

2.1. pyPSG overview

The pyPSG toolbox was developed to provide a unified
framework for cardiovascular signal analysis. Instead of
using separate software packages for different physiolog-
ical signals, pyPSG integrates them into a single Python
package. The toolbox currently supports electrocardiogra-
phy (ECG), photoplethysmography (PPG), oxygen satura-
tion (SpOs), and heart rate variability (HRV). The pack-
age has a modular architecture consisting of two main
subpackages: 10 and Biomarkers. The 10 package con-
tains functions for reading, visualizing and exporting phys-
iological signals, while the Biomarkers package imple-
ments signal-specific preprocessing and biomarker extrac-
tion methods. Additional modules provide utility func-
tions and example scripts demonstrating the usage of the
toolbox. The toolbox currently supports EDF files as the
primary input format. It provides standardized functions
for signal loading, visualization, and biomarker extraction.
It can also be easily integrated with other Python-based
signal processing toolboxes. The project is open-source,
available on PyPI, and supported by online documentation
containing installation instructions, tutorials and usage ex-
amples.

2.2. Processing pipelines

As illustrated in Fig. 1, each supported signal is pro-
cessed using its own dedicated pipeline while maintaining
a common interface. This allows different physiological
signals to be analyzed within the same workflow.

The PPG processing pipeline is based on the pyPPG
toolbox [4]. First, the raw PPG signal is preprocessed by
applying bandpass and moving average filters and calcu-
lating its first, second, and third derivatives. Next, pulse
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Figure 1: Overview of the pyPSG processing workflow.
ECG, PPG, and SpOs signals are processed using inte-
grated toolboxes.

wave segmentation is performed, where systolic peaks are
detected by an enhanced version of the Aboy beat detector
[4]. Based on the sytolic peaks, pulse onset and offset are
identified to determine individual pulse waves. The next
step is the fiducial point detection, during which dicrotic
notches and dicrotic peaks are identified in the PPG sig-
nal, and predefined fiducial points in its derivatives. All
fiducial points are postprocessed for correction. The fi-
nal step is the biomarker engineering, during which 74
standerdized PPG biomarkers are calculated in four cat-
egories: biomarkers derived from the PPG signal, signal
ratios, PPG derivatives, and derivative ratios.

The ECG signal is processed using the PhysioZoo ECG
Python toolbox (pecg) [5]. Firstly, the ECG signal is pre-
processed by applying bandpass and optional notch filters.
Next, fiducial points are detected, R-peaks by epltd algo-
rithm, then the P, QRS, T waveforms and their boundaries.
In the next step biomarkers are engineered from the de-
tected fiducial points. A total of 22 ECG biomarkers are
extracted, including 14 intervals duration-based biomark-
ers and 8 wave characteristic biomarkers. Finally, median,
minimum, maximum, Q1 and Q3 statistics of the biomark-
ers are computed.

The SpO, processing is performed using the pobm tool-
box [6]. First, the raw SpO. signal is preprocessed using
a delta filter and a block of data filter. The delta filter re-
moves abrupt changes exceeding a predefined percentage
threshold, and the block of data filter removes error values
below 50% saturation. Following preprocessing, biomark-
ers describing general statistics, complexity, periodicity,
desaturation events, and hypoxic burden are computed.

The HRV processing pipeline is based on the mhrv tool-
box [7]. The mhrv toolbox was originally implemented in
MATLAB. To provide a unified framework within pyPSG,
the relevant functiolalities were implemented in Python.
First, beat-to-beat intervals are derived from the detected
ECG R-peaks or PPG systolic peaks. The resulting interval
series is then divided into consecutive analysis windows.



Within each window, HRV and BRV biomarkers are com-
puted in the time-domain, frequency-domain, nonlinear,
and fragmentation categories. Finally, summary statistics,
including the mean, median, standard deviation, 25" and
75" percentiles, interquartile range, skewness, and kurto-
sis, are calculated for each biomarker.

2.3. Dataset

To evaluate the proposed toolbox, a publicly available
training dataset of the 2015 PhysioNet/Computing in Car-
diology Challenge [8] was used. The 2015 PhysioNet
Challenge focuses on the reduction of false life-threatening
arrhythmia alarms in intensive care units (ICUs). The
dataset contains multimodal physiological recordings, in-
cluding two ECG leads and one or more pulsatile wave-
forms (PPG and/or arterial blood pressure), collected from
bedside patient monitors. In each of the recordings, the
alarm appears at 5:00 minutes from the start. According
to the ANSI/AAMI EC13 standard, the start of the alarm
event can precede the alarm by a maximum of 10 seconds,
so it occurs between 4:50 and 5:00. In total, the database
contains 1250 recordings, divided into 750 training and
500 test recordings. Since the test set is not publicly avail-
able, only the training dataset was used in this study.

2.4. ML using pyPSG biomarkers

Figure 2 summarizes the machine learning pipeline used
for classification of the 2015 PhysioNet Challenge dataset.
The recordings were divided into consecutive 30-second
windows, and biomarker extraction was performed inde-
pendently for each window. ECG and HRV biomarkers
were extracted from the ECG signals, while PPG and BRV
biomarkers were obtained from the PPG signal. Windows
with insufficient signal quality were excluded from pro-
cessing to avoid unreliable feature extraction. The ex-
tracted biomarkers were stored in a feature matrix, where
each row corresponded to a signal window and each col-
umn represented a physiological biomarker.

The feature matrix was divided into training and test sets
using GroupShuffleSplit with an 80:20 ratio to prevent data
leakage. Logistic Regression (LR), Random Forest (RF),
and XGBoost (XGB) classifiers were trained and evalu-
ated using Recursive Feature Elimination (RFE) for fea-
ture selection. To reduce the influence of random train-test
splits, the complete training and evaluation procedure was
repeated 25 times using different random seeds, and the
median performance metrics were reported. Model per-
formance was evaluated using the area under the receiver
operating characteristic curve (AUC), accuracy, precision,
sensitivity, specificity, and F1-score metrics.
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Figure 2: Machine learning workflow used for biomarker-
based classification

Model AUC Prec Sens Spec F1
LR 057 052 064 049 0.67
RF 085 075 0.81 074 0.79
XGB 086 077 083 0.76 0.80

Table 2: Median classification performance of LR, RF, and
XGB classifiers. Parameters: 25 train-test split iterations,
80:20 train:test ratio, top 20 biomarkers.

2.5. Framework for evaluation

The proposed workflow was compared with previously
published methods developed for the 2015 PhysioNet
Challenge. For the comparison, the first [9]- and second
[10]-ranked solutions of the real-time event were selected
based on their ranking, and fifth [11]-ranked solution was
selected due to its similarity to the proposed pyPSG-based
approach. To ensure a fair comparison, a unified frame-
work has been developed. Since the official test set is not
publicly available, the comparison was performed using
the publicly available training dataset. The original MAT-
LAB implementations provided by the Challenge organiz-
ers were reproduced with only minor modifications related
to data access and file handling, with the modified imple-
mentations available in the project repository. To enable a
direct comparison, the reproduced methods were evaluated
using the same train-test splits and performance metrics as
the proposed pyPSG-based workflow, with the exception
of AUC, since the original solutions didn’t provide class
probabilities. Since the first- and second-ranked Challenge
solutions were originally designed to analyze only a short
signal segment preceding the alarm, an additional compar-
ison was performed using the full available signal duration.

3. Results

3.1. Cross validation

The median classification performance of the evaluated
machine learning models is presented in Table 2. Among
the tested classifiers, XGB achieved the best overall per-
formance with an AUC of 0.86 and an F1-score of 0.80.
Consequently, the XGB model was selected for all subse-
quent comparisons with previous Challenge methods and
existing physiological signal analysis toolboxes.



3.2. Comparison with previous results

The performance of the proposed workflow was com-
pared with three reproduced top-ranked solutions from the
2015 PhysioNet Challenge. As shown in Table 3, the
reproduced Challenge methods achieved higher sensitiv-
ity and Fl-score than the proposed pyPSG-based work-
flow. The first-ranked solution obtained the highest pre-
cision, specificity, and F1-score, while the fifth-ranked so-
lution achieved perfect sensitivity. Although the proposed
workflow did not outperform the reproduced methods, it
achieved competitive performance using a generalizable
biomarker-based machine learning pipeline.

Rank  Prec. Sens. Spec. F1

Rank 1 0.806 0.938 0.866 0.866
Rank2 0.785 0.961 0.833 0.849
Rank 5 0.760 1.000 0.802 0.860
pyPSG 0.770 0.830 0.760 0.800

Table 3: Median performance of reproduced Challenge so-
lutions and the pyPSG-based algorithm. Parameters: 25
iterations, 80:20 train:test split, top 20 biomarkers.

The results of the additional comparison with the first-
and second-ranked Challenge solutions on the full 5-
minute signal duration can be seen in Table 4. The over-
all performance of all methods decreased when the full
5-minute signal duration was used. However, the perfor-
mance degradation of the proposed pyPSG-based work-
flow was considerably smaller than that of the reproduced
Challenge methods.

Rank Prec. Sens. Spec. F1

Rank I 0.572 0.932 0.550 0.709
Rank2 0.825 0.514 0.930 0.633
pyPSG 0.680 0.710 0.780 0.760

Table 4: Performance comparison using the full 5-minute
signal duration. Performance is reported using precision,
sensitivity, specificity, and F1-score.

4. Conclusion and Discussion

Future work will focus on the further development and
validation of pyPSG. This includes robust validation of the
toolbox on larger-scale PSG datasets. In addition, the tool-
box will be extended to support phonocardiography (PCG)
as the next physiological signal. The project is open-
source, with the toolbox available on GitHub and while the
experimental and comparison code is available in a sepa-
rate repository.
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