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Abstract. Sleep staging is a critical task in both clinical and research settings
for diagnosing and understanding sleep disorders. In this paper, we introduce
PhysioEx (Physiological signal Explainer), a novel Python library designed to facilitate
sleep stage analysis using deep learning models and Explainable AI. PhysioEx offers
an extensible and modular API, supporting developers in the standardization and
automation of the sleep staging pipeline, from data preprocessing to model training,
testing, fine-tuning, and explainability. It also supports training on both low-resources
devices and high-performance-computing clusters. The library provides pretrained
models on the Sleep Heart Health Study (SHHS) dataset, with support for single-
channel EEG and multichannel EEG-EOG-EMG setups, enabling easy fine-tuning for
custom datasets with minimal computational cost. PhysioEx also features a command-
line-interface toolbox, allowing users to streamline model development and deployment.
Moreover, the library contains a ranges of Explainable Artificial Intelligence post-
hoc methods to explain sleep staging deep learning architectures and new learning
techniques to shed light onto deep learning-based sleep staging, allowing to align the
model decision-making with the human expertise.
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1. Introduction

Sleep accounts for around one-third of a person’s life, and maintaining good sleep is
essential for overall well-being, both physically and mentally|4|. Sleep disorders are
linked to numerous health issues, ranging from common conditions like obstructive sleep
apnea to rarer disorders like narcolepsy. Diagnosing these conditions typically involves
assigning 30-second epochs of overnight polysomnography (PSG) data to specific sleep
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stages|18], a process known as sleep staging or scoring. This step is crucial for evaluating
sleep structure, including sleep cycles, time spent in different stages, sleep onset latency,
and wakefulness after sleep onset. These sleep stages provide valuable insights into
underlying neurophysiological processes, making them an important diagnostic tool.

Manual approaches to sleep staging, outlined by the American Academy of Sleep
Medicine (AASM), are conducted by clinicians in sleep labs. These approaches are time-
consuming and resource-intensive, making it impractical for processing large datasets.

Significant advancements in automated sleep staging have been made[12, 22, 5, 7],
particularly with the availability of large public datasets, like those from the National
Sleep Research Resource (NSRR)[30]. By employing these datasets, Deep Learning (DL)
architectures have been exploited, enabling machine learning algorithms to perform
sleep staging with accuracy surpassing expert agreement levels, reaching clinical-grade
performance|[18|.

Despite the promising performance of DL models, their deployment in clinical
practice remains limited due to a lack of trust from clinicians[16]. Key reasons for
this trust issue are: (i) the fact that DL models performances are affected by the
randomness introduced by seeds and by different dataset used at training time, or
even different train/test split of the same dataset, often resulting in unfair comparisons
between different models, and hence difficulties to establish the best architecture to
be employed in clinical practice; (ii) the “black-box” nature of Al systems, where the
decision-making process is opaque, even to developers, leading to skepticism about the
reliability of their results as well as the human acceptability of their decision-making
process|23].

PhysioEx} (Physiological signal Explainer) is a novel Python library designed to
address the black-box problem by providing a unified framework for both benchmarking
and interpreting DL models for physiological signal analysis and sleep staging in
particular. The toolbox enables users to (i) easily deploy DL models in a standard and
deterministic environment with fixed seed and datasets splits, and (ii) apply explainable
AT (XAI) techniques specifically tailored to the sleep staging context to allow users, both
developers and clinicians, to interpret the model behavior.

By offering a standardized environment for training and evaluation, PhysioEx allows
users for consistent and fair comparisons of custom model performances across various
datasets. It further provides pretrained versions of state-of-the-art models, and it helps
developers to shift the focus from merely achieving high performance to understanding
how and why the performance is obtained.

Sleep staging has been identified as a primary use case for PhysioEx due to the
large amount of data available, the availability of well-performing DL models, and
the well-documented ground truth (i.e., sleep stages) obtained according to the AASM
standards|13].

In the past years, DL models for automatic sleep staging primarily employed neural

I https://github.com/guidogagl/physioex
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networks predicting sleep stages for individual epochs|29], i.e, 30 seconds of sleep data.
These models struggled to capture long-range dependencies between sleep epochs due
to their limited temporal input context, which is essential for accurate sleep staging|18].
In fact, modern architectures with integrated long-term modeling capabilities have
emerged, reaching the capability of modelling the whole sleep cycle[19] and hence
improving their robustness. These models are now part of the sequence-to-sequence
framework[20], representing a significant step forward in the field of automatic sleep
staging. In this framework, the input is a sequence of consecutive epochs, and the
output is a sequence of sleep stage classifications.

Because of this context, the application of XAI techniques to sleep staging is
particularly interesting and challenging when compared to other physiological signal
analysis tasks. Moreover, the clearly defined rules in the AASM standard offers a
strong validation potential for the explanations extracted from the models; while the
same can’t be applied to many other tasks, such as emotion-recognition|[11] in which
subjects perform self-labelling of the recorded data, and explainable DL is used as
a knowledge discovery tool[10], i.e., to investigate the brain physiological correlations
with the emotional labels inspecting the way the model is capable to match its inputs
and outputs. Popular explainable Al approaches on time-series analysis|28|, such as
attribution methods, focus on extracting the sub-part of the input signal which has the
biggest influence on the prediction outcome. While this might be relevant to identify
parts of a time series where particular waveforms like epileptic seizures occur (28], sleep
staging is less about detecting particular waveforms in the signal, but are often related
to the time-invariant aspects of the signal, such as its spectral components|13|. For
instance, sleep stages are typically identified by medical practitioners who leverage the
presence of long wave patterns corresponding to the activation of specific frequency
bands, such as Delta waves in NREM3 (Deep Sleep) stages. In this case, attributions
methods may not fit the purpose of explaining the model decision-making system, and
hence we aim to introduce new explainability approaches for such use cases.

Furthermore, state-of-the-art attribution methods do not directly support multi-
output models such as modern sleep staging architectures (i.e., sequence-to-sequence).
While it’s possible to transform these models into single-output versions by focusing
on one output at a time, this approach ignores the impact of the attributions values
computed on the non observed outputs.

Lastly, a general concern for XAI algorithms is that they are developed from a
technical perspective, but results are not always aligned with the interpretation of
end users and domain experts. For this reason, newer classes of XAl algorithms are
under investigation, such as concept-based explanation methods|9], which attempts to
bridge this gap by extracting domain-related concepts from the model decision-making
system to explain its outcome. Concepts are designed to provide explanations that
align with the human experts’ expertise and are used by concepts-based-architectures|1,
2] to constraint the model to take decisions based on them. Beside promising, their
implementation relies on the availability of concepts-labelled data, which are absent
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in most public datasets for sleep staging. For this reason, a challenge is to learn
autonomously the concepts|25, 24| from big datasets or combinations of big datasets,
validate the human acceptability of the learned concepts and finally use the learned
concepts to label a thousand or millions of sleep data, to enable the applicability of such
concepts based architectures.

Physiokx tackle these challenges by providing implementations of a range of post-
hoc explainability methods. As such, it offers an easy way to explore the impact of time-
invariant features of the input time-series on a chosen architecture, and new concept
learning approaches capable of identifying concepts as elements of the network latent-
space. Both these approaches proved their capabilities into sleep-staging tasks and
aligned their results with the human expertise.

By doing this, PhysioEx helps sleep and DL researchers to move the focus from
performance optimization to understanding the underlying mechanisms that contribute
to model decisions. This shift in focus is crucial for fostering trust in AI models,
particularly in clinical applications, where understanding the "why" and "how" behind
model predictions is just as important as the accuracy of those predictions.

2. Materials and Methods

Sleep stages classification is a complex task that requires careful handling of
multichannel time-series data, robust preprocessing techniques, and the application
of advanced deep learning models. PhysioEx addresses these challenges by providing
an integrated toolkit that standardizes the entire workflow across different or custom
architectures and datasets, from data preprocessing to model evaluation and also offers
explainability tools.

The list of the available datasets and models is available in the Physiokx
documentation§ and will be continuously updated. Users can contribute to the library
following the guidelines specified in the specific documentation page||.

The package is designed to be modular, allowing researchers to easily customize
and extend functionalities according to their specific needs. In this section, we detail
the design and implementation of PhysioEx, highlighting its key modules: preprocess,
data, train, explain.

The library includes a set of pretrained models ready to be used on new data or as
benchmark for newly introduced models. This will help users to focus on explainability
research rather than performances.

Under the hood, PhysiokEx is developed in Pytorch 2 and Pytorch Lightning,
granting high compatibility with many other python oriented deep learning libraries
such as Captum|14] for the explainability module.

At the moment, PhysioEx supports sleep staging using 3 state-of-the-art deep
learning approaches and 6 sleep staging datasets.

§ https://guidogagl.github.io/physioex/
|| https://guidogagl.github.io/physioex/pages/contribute



2.1. The Preprocess Module

The module physioex.preprocess is responsible for transforming raw sleep datasets
into a format readable by PhysioEx, known as the PhysioEx dataset. PhysioEx offers
extensive compatibility with datasets provided by the National Sleep Research Resource
(NSSR)[30], as well as support for other publicly-available sleep staging datasets.

The supported datasets include:

e SHHS (Sleep Heart Health Study)[22|, containing PSG data collected from
participants in a longitudinal study investigating the relationship between sleep
disorders and cardiovascular health;

e MASS (Montreal Archive of Sleep Studies)[15], offering a diverse collection of sleep
studies, including data from various sleep disorders;

e MESA (Multi-Ethnic Study of Atherosclerosis)|7|, featuring sleep studies with a
focus on cardiovascular health and sleep disorders;

e MROS (Massachusetts Randomized Obstructive Sleep Apnea Study)[5], derived
from a study on obstructive sleep apnea and includes PSG data, it is used for
analyzing sleep patterns and disorders related to obstructive sleep apnea;

e HMC (Harvard Medical Center Sleep Study)|[3|, providing high-resolution sleep data
from clinical studies conducted at Harvard Medical Center;

e DCSM (Duke Clinical Sleep Medicine Study)[17] including PSG recordings from
clinical studies at Duke University, focusing on various sleep disorders.

PSG raw data is typically stored into .edf files for each recording, with or without
the clinical annotations about the sleep stages. These files store the information in a
standardized and easily accessible format, but are typically not suited to be used in DL
scenarios, since the raw data needs further processing, segmentation and alignment with
sleep labels to be provided as input to a DL model. To this end, PhysioEx creates a
standard processing pipeline for all the datasets. The pipeline is detailed in Fig. 1.

While .edf files are a standardized data format for EEG and PSG data, their
actual internal organization, e.g., channels naming, sampling frequency, annotations
etc., largely differs considering different datasets. For this reason, PhysioEx lets
users customize all the dataset-dependent information by extending few methods of
the physioex.preprocess.Preprocessor class, leaving instead the main logic to the
module.

For each of these datasets, signals such as EEG, EOG, EMG, and ECG are
extracted. The EEG signal is standardized to a single channel by selecting electrodes
C3-M2 or C4-M1. If this setup is unavailable for a specific dataset or subject, PhysioEx
automatically selects a backup setup. By extending the main module, the user can easily
select different or new channels from the .edf files, depending on their availability in
the desired dataset.

A tutorial on how to extend the Preprocessor class to integrate custom settings on
already supported datasets or to integrate new datasets is available into the PhysiokEx



documentation.

The module is also responsible to set the cross-validation setup for each dataset
during the processing, i.e., to set the number of folds and each fold composition. For
the MASS and SHHS dataset, these folds have been set following the one released by [20]
and [21]. For all the other datasets, PhysioEx implemented its default strategy randomly
dividing subjects in train, validation, and testing with 75% 15% 15% ratios, and the
system use a fixed seed to prevent the randomness of the splits. When integrating a
new dataset, the user can decide to use the default splitting strategy or to customize it
on its purpose.

The detailed default configurations for each dataset are provided in Table 1.

Dataset EEG Channel EOG EMG ECG Subjects

SHHS C3-M2 v v 5.463
MASS  C4-A1/C3-A2 v 200
MESA  C4-A1/CAMI v 2.911
MROS  C4-A1/CAMLI v 2.237
HMC C3-M2 v v v 151
DCSM  C4AM1/C3M2 v v v 255

Table 1. EEG Channel Configurations for Supported Datasets

Once the library is installed, the module provides a command line tool:
preprocess --dataset [] --data _folder []

This command converts the specified dataset into a PhysioEx-compatible format.
For publicly available datasets, such as DCSM and HMC, the library also handles the
download of the dataset. The datasets available in the NSSR (SHHS, MESA and MROS)
archive need to be downloaded with their command-line-interface and then placed into
the specified data folder.

The module performs the preprocessing of raw data and aligns it with the
corresponding sleep stages. The outcome is the segmentation of each subject data into
30-second epochs, each associated with its sleep stage. The data is resampled to 100 Hz
and bandpass filtered between 0.3 Hz and 40 Hz for EEG and EOG signals, and at 10
Hz for EMG signals. If wake epochs are overrepresented compared to sleep epochs, the
module automatically reduces the number of wake epochs, cutting the initial and final
part of the recording.

The module allows users to define custom preprocessors, which are callable methods
applied to the sleep epochs to create additional preprocessed versions of the dataset. By
default, PhysioEx computes the preprocessing proposed by [21], in addition to retaining
the raw data. In this preprocessing, the 30-second time series are transformed into time-
frequency images by dividing each epoch into two-second windows with 50% overlap,

9 https://guidogagl.github.io/physioex/preprocess
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Figure 1. The preprocessing pipeline provided by the physioex.preprocess
module. Green boxes represent the default functionalities included in the pipeline:
fetching subjects from the raw dataset, band-pass filtering and resampling at 100 Hz,
windowing into 30-second segments, and time-frequency features extraction. Custom
preprocessing steps, such as user-defined transformations, can be integrated where
necessary, shown in the red box. The parameter n_jobs defines the number of parallel
processes used to accelerate the pipeline execution, with the default value set to —1
for maximum parallelization. The processed data is stored on disk at the end of the
pipeline.

multiplied with a Hamming window, and transformed to the frequency domain using a
256-point Fast Fourier Transform; finally the amplitude spectrum is log-transformed.

2.2. Data Module

The module (physioex.data) enables the serialization of preprocessed data from the
physioex.preprocess module into formats compatible with PyTorch 2 and PyTorch
Lightning, enabling the training of PyTorch models.

PhysioEx supports sequence-to-sequence framework [18], requiring the data to be
read and converted into sequences at runtime. Users can specify the desired length
of the sequence to be provided to the model, and PhysioEx manages the sequential
reading of sleep epochs from memory. Sleep epochs are finally standardized to 0 mean
and unit standard deviation after reading. FEach of the subject recordings containing
num_ windows sleep epochs provides num_windows — sequence length + 1 sequences
of sleep epochs. Once fetched, each batch of raw data consists of a float tensor of shape
batch size x sequence length.

The data module is responsible to load the data during training and evaluation
supporting 2 circumstances: (i) the node RAM is lower than the dataset size (e.g.,
low-resources computing node); (ii) the system is running over a cluster of nodes in a
distributed high-performance-computing (HPC) environment.

2.2.1. Data loading on low-resources computing nodes DL models typically require
loading the entire dataset into memory before dividing it into batches and swapping
them into the GPU memory. The combined memory footprint of all supported datasets
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in PhysioEx is approximately 1.2 TB (and it is supposed to grow as new datasets will
be added), implying that even high-resource compute nodes may struggle to handle
all datasets in memory, particularly in cross-dataset training scenarios. Furthermore,
training on large datasets like SHHS, which occupies more than 400Gb, can be
problematic also over distributed HPC scenarios.

A potential solution is to sequentially train on groups of subjects loaded into
memory in batches. Although straightforward, this approach is suboptimal because
it forces the training algorithm to converge on local minima for each batch of subjects.
The optimal solution should provide the training algorithm with a fully randomized
version of the data for each batch construction.

PhysioEx addresses this challenge by implementing a disk swapping approach,
which loads into memory only the sequences of sleep epochs that constitute the current
batch. By adjusting the batch size, this approach allows model training even on low-
resource systems.

This solution can be achieved using hierarchical data formats like HDF5, which
allows the construction of a single file per dataset and the reading of file segments during
batch loading. However, PhysioEx saves each subject’s data as individual memory-
mapped files, allowing partial file reading at runtime. To this end, PhysioEx build
an index mapping each element of the dataset to its subject-file, keeping the read-
complexity to O(1).

This method is preferred to hierarchical data formats because large datasets may
be allocated on shared file systems like GlusterF'S or NF'S servers. In this context, using
a single file to store a dataset could be a bottleneck, as it forces the cluster or server
to handle large data transfers, further reducing the fetching performance and overall
training speed.

Going a bit more into the details, the RAM usage in PhysioEx is more influenced
by the number of workers assigned to each PyTorch DatalLoader than by the batch size.
Each worker reads data from a memory-mapped file and stores it in a prefetching queue,
which is used to build the batch and transfer it to the GPU.

The GPU RAM usage depends on the batch size, while CPU RAM usage depends
on how fast the prefetching queue fills up, which is influenced by the number of worker
processes. Ideally, the number of workers should match the number of available CPU
cores, as PhysioEx sets by default, but in systems with a lot of cores, this can cause
excessive RAM usage. In PhysioEx the user can customize the number of workers
assigned to each dataloader.

Increasing the number of workers speeds up training and evaluation because of
better parallelization of data loading. However, since this is an I/O-bound process,
the speed gain depends on the disk’s read speed, and too many workers may only add
unnecessary overhead without further performance improvement.

2.2.2.  Data loading on high-performance-computing clusters PhysioEx explicitly
supports the training on HPC systems and distributed environments, using distributed-
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data-parallel to allow multi-GPU or multi-nodes training. The user can select the
number of nodes and set up the —hpc flag to run its scripts over a slurm or torque
cluster.

In distributed training scenarios, the dataset is typically sharded on the different
nodes; each node performs the training step on a different batch and then the gradients
are aggregated over the cluster.

Despite the datasets being sharded across nodes, it can still be challenging to load
all data into memory unless nodes with substantial RAM are requested. For instance, in
a cross-dataset scenario, around 1.2TB of data may need to be loaded. Assuming that
each HPC node has 128GB of RAM, at least 10 nodes would be required to accommodate
this. However, requesting such a large number of nodes could significantly increase the
job scheduling time on most HPC systems. To mitigate this issue, PhysioEx employs
disk-memory swapping even in HPC environments, where only the data indices are
sharded. The data itself is loaded into memory lazily as needed, ensuring efficient
resource usage without overloading the system.

2.2.8. Data loading on combined datasets The data module also allows an easy merging
of multiple datasets into a unified dataset. This functionality is supported by easily
passing a list of the dataset names to be combined to the data loading module. Thanks
to this, PhysioEx supports cross-datasets training scenarios.

To achieve this, PhysioEx constructs a level-1 index mapping each element of the
combined dataset to its specific index within the individual dataset.

Each fetch cycle for a sequence of epochs of dimension L with absolute index in
the combined dataset indx includes: accessing the level-1 index at position indx to
retrieve the dataset (complexity O(1)); accessing the level-2 index at position indx to
retrieve the subject identifier (complexity O(1)); accessing the level-3 at position indx
to retrieve the position of the first epoch of the sequence in the memory mapped file
(complexity O(1)); read from the disk L elements from the data file and from the labels
file (complexity O(L) + O(L)).

The overall fetch cycle computational complexity is O(1) + O(1) + O(1) + O(L) +
O(L) = O(L) if L is small compared to the number of instances of the dataset, we can
say that O(L) =~ O(1). The fetching pipeline used by PhysioEx is detailed in Fig. 2.

This complexity is not affected by the number of datasets included. Hence, as the
number of instances in the merged datasets is equal to the sum of the instances of each
dataset N, reading all the merged dataset instances has complexity n x O(1) = O(n)
which is optimal.

As the RAM occupation does not depend on the number of instances n, but only
by the number of workers provided by the user, PhysioEx allows loading datasets or
combinations of datasets with minimal resources, increasing the fetching time due to
the disk-swapping overhead.

An option to improve data-fetching time is to use popular memory caching systems,
such as Least Recently Used (LRU) caching. However, since the entire dataset is
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Figure 2. Ilustration of the multi-level indexing approach used in the data module
of PhysioEx for retrieving sequences of L epochs. The level-1 index maps the unified
dataset to individual datasets, providing an index to each dataset. The level-2 index
maps each dataset entry to a specific subject_id. Finally, the level-3 index identifies
the starting position of the first epoch within a sequence of L epochs in the data of the
given subject_id. This hierarchical indexing structure enables efficient O(1) retrieval
of epoch sequences across multiple subjects and datasets.

typically accessed sequentially during training, with different sequences being fetched
each time, this caching system offers no benefits, and increases the RAM occupation.

Alternatively, caching all data for a subject when fetching a single sequence could
be considered, but since the fetch cycle has a time complexity of O(1), this method
wouldn’t provide any meaningful improvement.

2.3. The Train Module

The physioex.train module in PhysioEx provides a standardized training interface
based on PyTorch Lightning for training PyTorch models.

Before any training or testing operation, PhysioEx ensures reproducibility by
setting a fixed seed for all pseudo-random number generators used in PyTorch, NumPy,
and Python’s built-in random module. Additionally, all PyTorch Datal.oader workers
are seeded to guarantee consistent data shuffling and batching across different runs.

PhysioEx supports models compatible with the sequence-to-sequence framework.
In this framework, a model M comprises an epoch encoder and a sequence encoder.
Given an input sequence of L epochs, each epoch is encoded by the epoch encoder
to produce L epoch encodings. These encodings are then processed by the sequence
encoder, which produces L sequence encodings that are subsequently classified into L
sleep stages by the model.

A sequence-to-sequence model is generally a Multi-Input Multi-Output (MIMO)
model that takes L epochs as input and produces L classifications as output, one per
epoch. In addition, PhysioEx supports sequence-to-epoch models, or Multi-Input Single-
Output (MISO) models, where the model takes a sequence of L epochs as input and
predicts the sleep stage of a specific epoch within the sequence, such as the central epoch
in the Chambon2018 model|6].

Physiokx provides PyTorch 2 implementations of three state-of-the-art architec-
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Figure 3. Schematic representation of a sequence-to-sequence model architecture as
implemented in PhysioEx. The model consists of two main components: an epoch
encoder and a sequence encoder. Each input epoch within a sequence of L epochs is
processed by the epoch encoder to produce L epoch encodings. Sequences can be either
single-channel or multi-channel ( i.e. in the feature the encoder takes EEG, EOG and
EMG data ). These encodings are then passed through the sequence encoder, which
generates L sequence encodings. Finally, each sequence encoding is classified into a
corresponding sleep stage. PhysioEx allows users to easily create custom sequence-to-
sequence models by specifying the implementation of the epoch encoder and sequence
encoder.

tures for sleep stage classification: TinySleepNet|27|, SeqSleepNet[20], and Cham-
bon2018[6]. All of these approaches have been implemented and tested leading to results
in-line results with the results in the original publications, detailed in Tab 2.

Chambon2018 is a sequence-to-epoch model which consist of one epoch-encoder
implemented by a convolutional neural network (CNN) model that processes raw sleep
data followed by ReLU activations and max-pooling layers. These operations capture
local temporal and frequency patterns in the input signals. The features extracted by
the epoch-encoder are then flattened and passed through a fully connected layer for the
classification of the central epoch within the sequence. Chambon2018 is the smallest
network available in PhysioEx with 17.9K parameters.

SeqSleepNet is a sequence-to-sequence two-stage recurrent neural network (RNN)
designed to capture both short-term and long-term temporal dependencies in the input
data. It takes time frequency images as input. The epoch encoder uses a bi-directional
LSTM (32 hidden units per direction) to model the dependencies within each 30-
second epoch, followed by an attention mechanism that sums the temporal learned
contributions. The sequence encoder employs a GRU (with 128 hidden units) to process
the sequence of encoded epochs over time, capturing long-term temporal relationships
across multiple sleep epochs. The output is passed through a fully connected layer
to classify the sleep stage. This dual-layered RNN architecture allows SeqSleepNet
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Epoch  Sequence o MASS
Network Year Input Encoder Encoder N°Params. Acc.
Chambon2018 2018 Raw CNN Dense 17.9K 79.9%
SeqSleepNet 2018 Time-Freq. RNN RNN 137K 87%
TinySleepNet 2020 Raw CNN RNN 1.5M 82.6%-87.5%

Table 2. Summary of key characteristics of the three neural networks used for sleep
stage classification available in PhysioEx. The table presents the year of publication,
input type (raw signals or time-frequency representations), architecture of the epoch
encoder and sequence encoder, number of trainable parameters, and the mean overall
accuracy achieved on the MASS[15] dataset as released by the authors in [6, 20, 27].
TinySleepNet mean accuracy refers to the worst and best performing partition of the
MASS dataset: SS01 82.6% and SS03 87.5%.

to efficiently model both short-term (within an epoch) and long-term (across epochs)
temporal structures.

TinySleepNet is a sequence-to-sequence model taking raw time-series as input. The
model includes an epoch-encoder based on a stack of 1D convolutional layers with
batch normalization and ReLU activation. The convolutional layers extract spatial-
temporal features from the input by applying different kernel sizes. A final flatten layer
reduces the dimensionality of the extracted features before passing them through a bi-
directional LSTM (128 hidden units per direction) for sequence processing. A linear
classifier is applied at the output to predict the sleep stage. TinySleepNet consists
of 1.5M parameters which is significantly higher than SeqSleepNet which consists of
137K parameters. On the other side, TinySleepNet process raw signals as input while
SeqSleepNet needs first to transforms signals in the time frequency domain before
providing them as input.

To be mentioned, a fair comparison between these models relying only on the
published performances could be troublesome since they are often evaluated on different
datasets, using varying seeds, splits, and parameter configurations. PhysioEx provides a
unified framework for consistent benchmarking, allowing researchers to test these models
under standardized conditions.

These three models were chosen for the first release of PhysioEx because they
represent different approaches to sleep staging. TinySleepNet processes raw signals,
while SeqSleepNet uses time-frequency images, both using a sequence-to-sequence
framework. Chambon2018, on the other hand, does not rely on this framework but is still
important because most Explainable AT methods are designed for single-output models,
which makes it easier to apply explainability techniques to Chambon2018 compared to
multi-output models.

The Train module implements a command-line-interface (CLI) allowing users to
quickly set up the train and evaluation of a sleep staging model on different datasets.

train --model [] --datasets []

The train command enables training a PyTorch 2 model on the specified list of
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datasets (merged together in case more than one dataset is provided). Users can provide
their custom model implementations in a .yaml file for training it. Models in PhysioEx
are evaluated using a set of standard metrics for sleep staging, including accuracy,
Cohen’s kappa, precision, recall, and F1-score|21]. During training, PhysioEx saves the
best performing model as a checkpoint, defined as the one that maximizes the evaluation
metrics on the validation set (i.e., it minimizes the validation loss).

The Train module also provides an interface for fine-tuning and testing a pretrained
model, mirroring the training command, which allows users to adapt or evaluate existing
models on new data. Custom models can be provided both using a .yaml configuration
file if the model class is not explicitly supported by Physiokx, or by specifying a
checkpoint file to load the model from.

test_model --model [] --datasets []
finetune --model [] --datasets [] --learning_rate []

The physioex.train module offers an API for loading pretrained models.
PhysioEx includes two pretrained versions of each implemented network, trained on
the SHHS dataset: one version trained with a single-channel EEG configuration and
another with multi-modal EEG, EOG, and EMG channels. Each of the pretrained
versions available on PhysioEx has been trained to classify sequences of 21 sleep epochs,
as described in [20, 21, 27, 6].

2.4. The Explain Module

PhysioEx makes sleep staging models accessible and readily available, facilitating their
benchmarking. This allows to shift the focus to the last important aspect of the toolbox:
model explanations.

In Python, most state of the art explainable Al algorithms are available through
the Captum library[14], which PhysioEx directly supports, being built upon Pytorch 2.
Some of the most popular interpretation approaches Captum provides are Integrated
Gradients (IG)[26] and Expected Gradients (EG)[8]. Both of these algorithms are
gradient-based attribution methods, i.e., considering a model classifying an input
instance X in a specific class, they attribute an importance value to each element X;
of X, corresponding to the i-time point in the input signal.

IG is a path-based method that assigns importance scores to input features by
integrating the gradients of the model’s output with respect to the inputs, along a path
from a baseline (typically zero, as suggested by the authors in [26]) to the input itself.
EG, on the other hand, extends IG by incorporating a probabilistic view. Instead of
selecting a single baseline, EG averages over a distribution of baselines, thereby reducing
the potential noise introduced by an arbitrary choice of the baseline.

As already discussed, these attribution methods may be not suited for sleep staging
tasks, in particular when the model should rely on time-invariant features of the input
and not on specific patterns.
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For this reason, Physiokx introduces Spectral Gradients, a novel attribution method
which spreads the attributions scores on the frequency and time domain at the same
time. Doing this, Spectral Gradients is able to identify relevant spectral components
of a time-serie when classifying instances not based on specific patterns but on time-
invariant features. Considering an input signal X consisting in 3000 time-points, using
Spectral Gradients, the user can divide the input signal spectrum, i.e., [0; fs=2), into
N partitions, and the algorithm will return a matrix of n x 3000 attributions, each
element of the matrix 1;J represent the importance value of the i-band at time J. The
algorithm also allows retrieving the importance attributions for each band, ignoring the
time-resolution. Interested readers can interact with Spectral Gradients explanations
using the jupyter notebook provided in the examples of the library.

A final contribution of PhysioEx is the implementation of a novel semi-supervised
concept-learning methods, allowing users to enrich datasets with conceptual information.

In PhysioEx, concepts serve as foundation cases for the sleep staging task, therefore
they are input elements (i.e., time-series or time-frequency images) that are highly
typical of one sleep stage and the underlying data distribution. These concepts should
be input elements that human experts can easily comprehend. The actual input data
should share some similarities with concepts; the closer the actual input is to the concept,
the easier it is to assign it to a sleep stage.

The autonomous concept-learning approach, implemented into PhysioEx, consists
of a sequence encoder-decoder architecture inspired by SeqSleepNet trained jointly in
a self-supervised task (i.e. input reconstruction) and a prototype learning|24| task.
Once trained, the learned prototypes are reconstructed into the input space and treated
as concepts by the system. Doing this, the concept-learning algorithm is capable
to assign conceptual information to each input element of the network by evaluating
their proximity to the learned prototypes in the network latent space. By doing this,
PhysioEx is capable of enriching the dataset information with conceptual information.
An overview of this system is presented in Fig. 4.

The technical details of the explanation approaches proposed by PhysioEx are
currently confidential and will be further documented in forthcoming publications, and
will be fully released in future micro-releases of the library upon the completion of the
publication process.

3. Results

This section details the experimental results obtained using the models and the
methodologies available in PhysioEx. The section is divided into two parts: in the first,
we present a comprehensive benchmark of the pretrained models available in PhysiokEx
across multiple datasets. This benchmark aims to evaluate the generalizability and
performance of state-of-the-art deep learning models for physiological signal analysis
when tested on different datasets, using a standardized framework for dataset splits,
parameterization, and evaluation metrics; the second part focuses on the explanation
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Train/Test Model Channels Dataset Acc F1 CK Prec. Rec.
seqSleepNet 1 87.3% 86.9% 82.1% 86.9% 87.3%

3 88.3% 88.0% 83.6% 87.9% 88.3%

_ 1 845% 83.8% 78.3% 84.1% 84.5%
Train Chambon2018 3 shhs o7 106 86.79% 81.8% 87.0% 87.1%
TinySleepNet 1 87.7% 87.2% 82.6% 87.2% 87.7%

3 80.1% 88.9% B84.7% 88.8% 89.1%

mros  70.5% 70.1% 56.3% 72.4% 70.5%

mesa  59.0% 57.3% 42.2% 63.5% 59.0%

1 dcsm  64.6% 66.4% 48.4% 77.5% 64.6%

hme  71.1% 68.9% 61.3% 72.0% 71.1%

SeqSleepNet mass  78.0% 76.7% 68.2% 79.7% 78.0%

mros  76.5% 76.9% 65.4% 79.7% 76.5%

mesa  70.7% 70.1% 58.3% 73.6% 70.7%

3 desm  60.2% 62.4% 43.3% 77.1% 60.2%

hmc  65.7% 63.6% 54.2% 67.5% 65.7%

mass  78.9% 77.8% 70.0% 80.8% 78.9%

mros  61.4% 59.9% 42.6% 64.0% 61.4%

mesa  21.6% 19.4% 7.2% 36.9% 21.6%

1 desm  52.6% 54.4% 29.3% 64.5% 52.6%

hme  69.7% 67.1% 60.2% 70.1% 69.7%

mass  79.1% 77.0% 70.1% 79.4% 79.1%

Test Chambon2018 mros  61.20% 61.1% 454% 70.6% 61.2%
mesa 22.4% 20.1% 8.5% 38.0% 22.4%

3 dcsm  38.6% 42.6% 16.8% 61.3% 38.6%

hme  66.4% 65.1% 55.7% 66.5% 66.4%

mass  70.0% 68.9% 59.8% 75.6% 70.0%

mros  68.7% 66.5% 52.1% 67.9% 68.7%

mesa  38.0% 22.3% -2.1% 19.0% 38.0%

1 desm  57.9% 44.8% -0.0% 37.8% 57.9%

hmc  67.3% 64.6% 56.2% 67.6% 67.3%

TinySleepNet mass 80.9% 79.3% 72.5% 80.2% 80.9%

mros  71.8% 70.0% 57.2% 73.7% 71.8%

mesa  30.5% 21.8% -0.7% 19.3% 30.5%

3 desm  33.4% 34.0% 8.7% 51.0% 33.4%

hme  66.1% 63.3% 545% 66.0% 66.1%

mass  76.9% 75.9% 66.8% 77.1% 76.9%

Table 3. Performance results on the test splits of various datasets for pretrained
models available in PhysioEx. The models were pretrained on the training split of the
SHHS dataset. Each model was evaluated using different input channel configurations
(1 or 3 channels), and standard sleep stage classification metrics are reported, including
accuracy (Acc), F1 score (F1), Cohen’s Kappa (CK), precision (Prec.), and recall

(Rec.).
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Figure 4. Overview of the concept labelling tool available into PhysioEx. The system
is composed by a deep learning semi-supervised model that given a dataset learns a
set of k-concepts. Each one of this concept represents a mode of the sleep staging task,
i.e., a base case of the target problem solution. These learned concepts should be then
physiologically validated, assessing their clinical relevance, by human experts. Once
this is done, the library offers a concept-labelling tool which provides k-membership
scores to each data available into the dataset, and store this information.

methods integrated into PhysioEx presenting the results of applying several explainable
AT (XAI) techniques to the physiological signal models, demonstrating their ability
to provide interpretable and clinically relevant insights into their decision-making
processes.

3.1. Benchmarking results

During the benchmarking experiments, we evaluated the performance of the models
described in section 2.3. These models were tested across the datasets in two
configurations: unimodal (single-channel EEG) and multimodal (using EEG, EOG, and
EMG). The datasets used for evaluation include SHHS, MROS, MESA, DCSM, HMC,
and MASS, which are all supported by PhysioEx.

In the first experiment, all models were trained on the training split of the SHHS
dataset and then tested on both the test split of SHHS and the test splits of the other
datasets. Table 3 summarizes the performance metrics considering the mean accuracy
(Acc), Fl-score (F1), Cohen’s Kappa (CK), precision (Prec.), and recall (Rec.), for each
model and dataset.

Considering Table 3, TinySleepNet achieves the highest performance when trained
and tested on the SHHS dataset, with an accuracy of 89.1% in the multimodal
configuration (3 channels) and a Cohen’s Kappa (CK) of 84.7%. SeqSleepNet
and Chambon2018 models also have comparable perfomances, particularly in their
multimodal configurations, with SeqSleepNet reaching 88.3% accuracy and 83.6% CK,
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Figure 5. [Illustration of an EEG epoch of sleep, correctly classified by the
Chambon2018 model as NREMS3, i.e, Deep Sleep. The picture reports the confidence
of the predicted class.

In the first two pictures, the overlaid red-to-blue color scale represents the
importance values extracted using two state-of-the-art attribution algorithms. The
intensity of the color corresponds to its relative importance, with red indicating higher
positive attribution and blue indicating negative attribution. In these pictures, there
is no clear temporal pattern in the signal where a specific segment stands out as
having higher importance (red overlay). This suggests that the model likely leverages
time-invariant components of signal, which are not captured by state-of-the-art XAI
methods.

The 3" figure instead, shows the power spectrum of the signal across different
frequency bands (Delta, Theta, Alpha, Beta, Gamma), alongside the spectral
importance attributed by the PhyioEx Spectral Gradients algorithm to each frequency.
Notably, the Delta band, which is characteristic of deep sleep, is correctly identified as
the most important in the NREMS3 epoch. Note that the method has no awareness of
the sleep bands, but autonomously detect the most relevant part of the spectrum for
the classification outcome.



Model Channel Dataset Acc. F1 CK PR RC
mros 87.05% 86.45% 80.34% 86.33% 87.05%

mesa 83.52% 82.96% 75.98% 83.03% 83.52%

1 desm 89.51% 88.95% 81.69% 89.09% 89.51%

hmc 77.66% 77.46% 70.41% 77.66% 77.66%

SeqSleepNet mass 85.10% 84.70% 78.01% 84.88% 85.10%
mros 88.04% 87.47% 81.86% 87.32% 88.04%

mesa 85.88% 85.42% 79.53% 85.42% 85.88%

3 desm 90.19% 89.64% 83.01% 89.79% 90.19%

hmc 75.02% 74.83% 67.30% 75.12% 75.02%

mass 86.73% 86.29% 80.30% 86.51% 86.73%

mros 87.25% 86.66% 80.63% 86.61% 87.25%

mesa 83.84% 83.29% 76.49% 83.39% 83.84%

1 desm 89.82% 89.53% 82.38% 89.69% 89.82%

hmc 78.42% 78.13% 71.55% 78.14% 78.42%

TinySleepNet mass 86.42% 86.08% 80.05% 86.19% 86.42%
mros 88.32% 87.68% 82.24% 87.61% 88.32%

mesa 86.38% 86.20% 80.34% 86.33% 86.38%

3 dcsm 90.61% 90.50% 83.92% 90.87% 90.61%

hmc 77.17% 76.75% 69.80% 76.96% 77.17%

mass 88.49% 88.25% 83.09% 88.31% 88.49%

mros 84.05% 82.75% 75.61% 83.02% 84.05%

mesa 79.97% 78.28% 70.34% 79.04% 79.97%

1 desm 86.51% 84.86% 75.93% 84.58% 86.51%

hmc 75.48% 74.55% 67.59% 75.07% 75.48%

Chambon2018 mass 84.44% 83.55% 77.00% 84.29% 84.44%
mros 86.91% 85.90% 79.99% 86.13% 86.91%

mesa 84.10% 83.11% 76.71% 83.51% 84.10%

3 desm 88.08% 86.74% 78.94% 86.82% 88.08%

hmc 74.62% 73.83% 66.31% 74.40% 74.62%

mass 86.03% 85.32% 79.53% 86.27% 86.03%

18

Table 4. Performance results for the pretrained models shown in Tab 3 in a finetuneing
experiment. The models have been finetuned with all their parameters in training

mode, learning rate equals to 1e — 4 and 5 epochs.

and Chambon2018 reaching 87.1% accuracy and 81.8% CK. In the single-channel EEG
configuration, the performance gap between the models is smaller, with TinySleepNet
still leading with 87.7% accuracy and 82.6% CK, closely followed by SeqSleepNet with
87.3% accuracy and 82.1% CK. Chambon2018 performs less well in this configuration,
achieving 84.5% accuracy and 78.3% CK.

To be noticed, the performances obtained by SeqSleepNet, resemble the one released

by the authors on the same dataset in [21].

The pretrained models are then tested on the test splits of the other datasets
(MROS, MESA, DCSM, HMC, and MASS), to obtain their generalization capabilities.
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Figure 6. Outcome of the PhysioEx Spectral Gradients method compared to two-
state-of-the art attribution methods applied to the same sleep epoch, correctly classified
by the Chambon2018 model as Wake. The figure presents the same setup of Fig. 5,
but for a Wake stage instead of a NREM3 stage.

In this case, Spectral Gradients (SG) correctly identifies the Beta bands as the more
important, which are characteristic of Wake stages. Note that SG correctly assigns
negative importance to Delta bands, even though Delta has maximum power in the
signal spectrum, i.e., SG assigns the correct importance to a sleep band independently
of the band power.

This demonstrates the capability of PhysioEx to more accurately highlight relevant
spectral components, particularly in sleep staging tasks. In contrast to the results of
state-of-the-art attribution methods, where no distinct pattern emerged.

Considering the two biggest datasets (MROS and MESA), SeqSleepNet consistently
outperform TinySleepNet obtaining on average 73.6% vs 51.2% accuracy on the 3
channels setting and 64.8% vs 53.35% in the one channel setting; with Chambon2018
obtaining 41.8% and 41.5% in the 3 and 1 channels setting respectively. This trend
is also observable aggregating the metrics of all the other smaller testing datasets,
with SeqSleepNet sharing the best generalization performances with 70.4% accuracy on
average on the 3 channels setting and 68.6% on the single channel setting, TinySleepNet






