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ABSTRACT

The recent accelerated biomedical sensing technology has resulted in the creation of high
dimensional, complex, and noisy physiology signals posing an enormous challenge to reliable
automated interpretation of such physiology signals with traditional signal processing and
learning methods. The currently used techniques have been particularly poor at capturing
long-range correlations, inter-channel interactions, and clinically important discriminative
structures that are inherent to such large-dimensional biomedical data, which limits their
analysis fidelity and predictive ability. In order to deal with these shortcomings, the present
paper suggests a signal analytics framework based on deep attention to integrate high-level
time-frequency signal representation with attention-driven deep architecture to facilitate
strong and automated interpretation of biomedical signals. The suggested framework
builds on the idea of attention-enhanced neural architecture and transformer-based and
relies on the selective emphasis of informational temporal and spectral features and the
muting of redundant and noise-sensitive elements. Representative biomedical signal datasets
are experimentally assessed with the standard metrics of classification, namely accuracy,
precision, recall, F1-score, specificity and AUCROC, and compared to traditional machine
learning and deep learning baselines. The findings reveal statistically significant progress in
the performance of the classification, superior interpretability by visualising attention, and
competitive computational efficiency, and further show that the proposed methodology
is a viable way of achieving scalable and reliable biomedical signal analytics in the next-
generation intelligent healthcare systems.
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INTRODUCTION

Advanced sensing technologies and constant monitoring
devices of patients have made biomedical signal analytics a
staple in the contemporary healthcare systems. Electronic
measurements like electroencephalograms (EEG), electro-
cardiograms (ECG) and other indicators of physiological
functions are valuable to carry out diagnosis, prognosis,
and treatment activities. The proper analysis of these
signals can be used to identify diseases prematurely, pro-
vide clinical support on an automated basis, and deliver
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healthcare on a large scale. Increasing access to massive
amounts of biomedical data has become a promising par-
adigm of intelligent signal analytics using machine learn-
ing and deep learning to derive clinically relevant signals
in complex physiological measurements .

In spite of these developments, biomedical signal
interpretation is a problematic issue because of a number
of physiological data inherent characteristics. Biomedical
signals are found to be high-dimensional, multi-channel
and with the temporal co variations and they can hardly be
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modelled using the other traditional analytical methods.
Moreover, they are very sensitive to noise, artefacts and
inter-subject variations, and assume non-stationary and
nonlinear behaviour. These complexities substantially
compromise the effectiveness and strength of automated
interpretation, especially in clinical reality where data
processing and data collection conditions indeed differ
quite a bit.[> 9

Traditional approaches to signal processing and classical
methods of machine learning are based on features
that are manually designed based on time, frequency,
or time-frequency connectivity. Though these methods
have been successful in controlled environments, they
do not work well in large high dimensional biomedical
signals. The most recent deep learning models such
as convolutional and recurrent neural networks have
shown enhanced feature learning ability but fail to
learn the long-range dependencies and inter-channel
relationships well. Additionally, several deep models are
black boxes and those that are interpretable provide only
partial interpretability which is an important criterion of
biomedical and clinical use. 4

Attention-based deep learning architectures have been
of rising interest to signal analytics to eliminate these
limitations. With attention mechanisms, models focus in
real time on the most informative temporal and spectral
units of signals, which can be reused to maximise the
discriminative features learned and reduces information
that is redundant or noisy. Transformer models and
attention-based neural networks have been shown to be
exceptionally successful in working with high-dimensional
sequential data in various fields.[”" > "1 Based on such
developments, this paper presents a profound signal
analytics model of automatic interpretation of high-
dimensional biomedical signals, which is motivated by
deep attention. The primary contributions of the paper
are as follows: (i) an attention-based deep learning
framework that can solve biomedical signal analytics-
specific problems, (ii) a high-dimensional and non-
stationary signal properties that can be modelled, and
(iii) an extensive evaluation according to conventional
metrics of classification to show that the presented
method is better in terms of accuracy, strength, and
comprehensiveness compared to the suggested ones.

LiTERATURE REVIEW

Initial studies on biomedical signal analytics were based
mostly on the classical signal processing methods, which
followed the time, frequency, and time-frequency domains.
Statistical moments, entropy measures, morphological
descriptors have been popular time-domain features that
are used to analyse physiological signals. The frequency-
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domain methods such as Fourier spectral analysis have
made it possible to identify the dominant frequency
elements of pathological conditions. Time frequency
analysis Like the short time Fourier transform (STFT)
and wavelet-based analysis, time frequency analysis is
widely used to deal with the non-stationary character
of biomedical signals. Specifically, wavelet transforms
and wavelet packet decomposition offer multi-resolution
representations that are useful in capturing transient
signal characteristics and localised signal characteristics .3 ®
Traditional methods formed the basis of biomedical
signal interpretation but biological features and expert
information are frequently used, which reduces their
capabilities in scaling and adjusting to new requirements.

In order to United States of the dependency on manual
feature engineering, machine learning methods have
been utilised to make use of biomedical signals with the
purpose of automated interpretation. Classical classifiers
have been extensively used e.g., support vector machines
(SVM), k-nearest neighbours (k-NN) and random forest
models being used alongside handcrafted features derived
out of time transmission representations. Such techniques
exhibited better classification behaviour in a number of
biomedical scenario such as EEG and ECG analysis.[* ¢
Their performance however decreases as dimensionality
of signals and number of channels increases, as high
dimensional and very correlated features causes over
fitting, high computational power and low generalisation.
Besides, these models cannot learn hierarchical
representations based on raw signals and this limits their
use in large-scale and real-time healthcare systems.

More recent developments in deep learning have had a
major impact on biomedical signal analytics, where the
learning of end-to-end features can now be performed
directly on both raw and minimally processed signals.
Convolutional neural networks (CNNs) are the most
popular networks to extract local temporal and spectral
patterns whereas recurrent neural networks (RNNs) and
long short-term memory (LSTM) systems are used to
model temporal relationships in sequential biomedical
information.’> 8 Even though they are effective, the
traditional deep learning models have difficulty in
capturing long-range dependencies and inter-channel
relationships of high-dimensional biomedical signals. Also,
you have a lot of deep models which are black box and
their interpretation is less reasonable, which is one of the
key issues that can be raised in terms of clinical acceptance
and reliability. 8

Attention mechanisms have also just taken the centre-
stage as an effective measure to counter such restrictions
in signal analytics. The mechanisms of self-attention and
time attention allow models to give special attention
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to the most informative part of input signals, which
superiorly learns representations and builds resilience.
Multi-head self-attention only Transformer architectures
have achieved state of the art results on long-range
modelling of sequential data at both speech and vision
scales.> " Other attention modules including squeeze-
and-excitation networks, convolutional block attention
modules may further increase feature discrimination
with the adaptive recalibration of channel and spatial
responses.l> % Notwithstanding the growing interest in
attention-based methods in biomedical contexts, there is
still the paucity of scalable and interpretable attention-
based solutions to high dimensional biomedical signal
analytics. As shown in (Figure 1), the current techniques
do not work well with the complexity of signals or cannot
be interpreted with adequate interpretability which has
inspired the design of a coherent deep attention-based
signal analytics approach to deliver reliably automated
interpretation of high-dimensional biomedical signals.

PROBLEM FORMULATION AND SYSTEM
OVERVIEW

Biomedical signals observed on physiological senses can be
mathematically modelled as multivariate time-series data
that is highly dimensional and whose time dependencies
are complex. Where X=R 3(CXT) represents a segment of
a biomedical signal, C is the number of channels/sensors
and T is the duration of the signal. These signals are
generally non-stationary, inter-channel, and noisy with
different noise levels caused by receiving artefacts and
disturbances by other external factors. These features
require high-quality analysis models that can identify
the learning of discriminative representations without
damaging clinically useful data in terms of time and
spectral basis of information creation.

According to this representation, the main issue that
has been solved in this work is expressed in a form of
automated interpretation and classification of high-
dimensional biomedical signals. Given an input signal X,
the goal is to learn a mapping function f(¢) so that the
predicted label of the target class, y -1, equals f(X) so
that the difference between the predicted label and the
actual value, y -f(X) is minimal, where y -1 is associated
with a particular physiological or pathological condition.
The formulation allows end-to-end learning, meaning that
feature extraction, representation learning, and decision-
making are collectively optimised into a single system, it
does not require the utilisation of handcrafted features or
decision rules based on the intuition.

To solve this issue, the suggested system sets up the state-
of-the-art signal preprocessing and attention-guided deep
learning frameworks in one consistent pipeline of analysis.
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Normalisation and segmentation are the first steps of
pre-processing raw biomedical signals that provide the
consistency of these signals and noise resistance. The
generation of time-frequency representations is then
made to represent local and global features of the
signals. The representations are the inputs to deep neural
architecture with attention mechanisms, which allows
only informative temporal and spectral information to be
given priority and any redundant or noisy pattern to be
side-lined. The proposed attention-based signal analytics
framework consists of an overall end-to-end working
scenario and system architecture as depicted in (Figure 2).
As illustrated, the framework is divided into four principal
steps, including signal acquisition and preprocessing,
high-dimensional representation, deep learning-based
interpretation which is guided by attention, and final
classification output. The proposed system would be
considered as suitable in analysing complex biomedical
signals in real-world contexts in healthcare due to its
scalability, interpretability and robustness, which is
provided by this said modular but integrated design.

METHODOLOGY

The suggested methodology starts with a systematic
acquisition and preprocessing of signals, a tool that would
make biomedical signal analytics robust and consistent.
Multi-channel sensing systems record biomedical signals
(EEG, ECG or any other physiological time-series) and by
their nature have a high dimensionality, are contaminated
by noise, and non-stationary behavior. To reduce such
effects, preprocessing stages such as noise reduction
through relevant filtering methodologies, normalisation,
and decay of signal levels to homogenate signal scales,
and segmentation of long signals into processing-sized
windows are required. The steps are necessary to reduce
artefacts and boost signal quality and downstream
features learning for reliable use as shown in (Table 1).

To represent adequately the discriminative features of
high-dimensional biomedical signals, the post-processed
data are converted into informative representations with
time frequency analysis. Short-time Fourier transform
(STFT), continuous wavelet transform (CWT), and wavelet
packet decomposition are the methods which are used to
jointly model both temporal and spectral changes typified
of non-stationary physiological signals. Such representa-
tions allow obtaining localised frequency patterns that
correspond to certain physiological states. In cases where
it is required, dimensionality reduction and embedding
methodology are used to minimise redundancy without
loss of salient information and facilitate effective learn-
ing in deep neural structures and enhance computational
scalability as explained in (Table 1).

Transactions on Advanced Signal
Processing and Analytics



Rajan. C: Deep Attention-Based Signal Analytics for Automated Interpretation of High-Dimensional Biomedical Signals

Machine Learning Models

Traditional Methods

Deep Learning Approaches

Attention-Based Models

= Self-Attention

l Time- Domain Anahysis -]

.-..: Frm-m «Dormain Anadyiis [

k-NN ]

N
| « RNN /LSTM
LS

| -

I = Transformer Networks

-

= Temporal & Spatial
Attention

ngbrld Mud'e'ls ]

| r T-'M requissy Mithods i Fi
T W ki l Random Forest

Handecrafted Features

Classical ML Algorithms

Limited Interpretability

Fig.1: Taxonomy of biomedical signal analytics approaches

Signal Acquisition Feature Attention-Based Classification Output
and Preprocessing Representation Learning

: ; ; Time=Frequent
Raw Biomedical Signal ¥

Pt

Time- Fteg

A Y -

Mormalization

| -

7l | —.
Segmentatmn Ll Segmentation

L R
’ -p e L3
“

—— = |
- ._.,n.. Class 1
3 =y

vl -EI- - - -
e

Transformer [ Attention-

Enhanced Neural Metwork

Fig. 2: Overall system architecture of the proposed deep attention-based signal analytics framework for automated
interpretation and classification of high-dimensional biomedical signals.

The attention-based deep learning framework is the
pivotal point of the suggested framework, as it is created
to represent a complicated temporal correlation and
inter-channel relations. Transformer based signal analytics
model is used and it involves multi-head mechanisms of
self-attention that learns temporal and channel-wide
global contexts. To maintain the temporal ordering data,
positional encoding is included, and this data is paramount
in interpreting biomedical signals. Simultaneously, an
attention-enhanced convolutional neural network (CNN)
architecture is employed to isolate localised information
using convolutional feature extraction, and then, channel
and spatial attention modules that dynamically focus on
informational feature are used. A feature fusion approach
combines the advantages of a global attention and local
convolutional representation as described in (Table 1).

The approaches of model training and optimization are
performed in end-to-end to achieve stable convergence

and generalisation. Loss functions that are usually cross-
entropy based during classification tasks are used with
control measures against over-fitting including dropout
and weight decay. It uses adaptive gradient-based
algorithms as a part of the optimization process and
uses it effectively to learn complex model parameters.
The hyper parameter tuning is done based on systematic
experimentation to trade-off between performance and
computational efficiency. Table 1 presents the overall
training setup, architectural parameters, and optimization
parameters, which offer transferability and reproducibility
of the suggested methodology.

EXPERIMENTAL SETUP

Proposed attention-based signal analytics framework is
experimentally imposed on representative biomedical
signal dataset which provides a reflection of the high
dimensionality  challenge,  multi-channel  structure

Table 1: Configuration of the proposed attention-based deep learning models

Multi-Head Self-Attention
with Positional Encoding

Transformer-Based Signal
Analytics Model

CxT time—frequency feature | K biomedical classes

map

Attention-Enhanced CNN
Model

Channel & Spatial Attention
(SE / CBAM)

CxFxT time-frequency K biomedical classes

representation
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challenge, and non-stationary behaviour challenge. Its
datasets are physiological signals obtained by multi-sensor
recording devices (MEEG or ECG) with different, varying,
sampling rates, and number of channels and distribution
of classes. Such datasets can serve as realistic documents
by which the strength and generalisation ability of an
automated biomedical signal interpretation system can be
evaluated. The most remarkable peculiarities of datasets
adopted in the current research such as the type of signal,
the rate at which it is sampled, the quantity of channels,
and labelling the classes are provided in (Table 2).

In order to offer fair and reliable performance
assessment, a stable process of training, validation
and testing is embraced. The datasets are divided into
mutually exclusive training, hyper parameter validation
and final performance evaluation sets. The cross-
validation strategies help minimise bias and variance
of the results obtained, especially when there is scant
labelled biomedical data. In training, the models acquire
discriminative representations on the training set and
the validation set is utilised to tune hyper parameters
and avoid over fitting. The last evaluation is done to test
performances on unseen test data, which quantitatively
analyses the generalisation performance as explained in
(Table 2).

The inclusion of baseline models is aimed at the inclusion
of the comparative analysis on a large scale and to
prove the efficiency of the proposed attention-based
approach. Had well, the conventional machine learning
classifiers, such as the support vector machines, k-nearest
neighbours, and the random forest models, are executed
on handmade time-frequency features. Besides, deep
learning baselines that comprise traditional convolutional
neural networks and recurrent neural networks with no
attention mechanism are also provided. These baselines are
common methodologies in biomedical signal analytics and
key points of reference on the effects of attention-based
modelling, as presented in (Table 2). The implementation
settings are maintained across all experiments in order to
determine reproducibility and fairness. All models use the
same preprocessing methods, feature representation and
evaluation metrics. Associations on performance are done
through standard classification measures and statistical
consistency is ensured between experimental runs. The

general structure of the experiment, characteristics of
data set and comparison baselines as reported (Table 2)
offer a clear and rigorous methodology to test the offered
attention-based signal analytics system.

CrassiFicaTION MEeTrRIcS AND EvALUATION
ProTOCOL

The effectiveness of the suggested attention-based
signal analytics framework is measured through an all-
inclusive range of metrics of classification that measures
predictive accuracy and clinical significance. Measuring
the relative accuracy of signal classifications is done using
overall accuracy, whereas measures of the limits of the
model to minimising false positives and false negatives
are in precision and recall (sensitivity), respectively. The
F1-score is said to be a balanced score that takes into
account the imbalance between classes, which is typical
of biomedical data. Specificity is additionally applied to
evaluate whether the model has the ability to identify
negative cases correctly and the area under the receiver
operating characteristic curve (AUC-ROC) gives a threshold-
independent identification of discriminative performance.
These metrics are defined and explained as summarised
in (Table 3).

In addition to the aggregate performance measures, it
uses confusion matrices to measure the performance on a
class-wise basis. The confounding matrix allows evaluating
the presence and absence of true positive, true negative,
false positive, and false negative of each of the classes,
which helps to gain a more in-depth understanding of
the behaviour of the model in the circumstance of various
physiological conditions. In order to evaluate the reliability
and consistency of the classification results further, Cohen
Kappa coefficient is used as the statistical measure which
shows how much the prediction and true label agree more
than the performance of the performance level. This form
of reliability analysis is of utmost significance especially
in the biomedical applications that require stability in
decision-making in order to adopt it clinically as provided
in (Table 3).

In order to have solid and objective assessment,
systematic cross-validation plan is followed. The data sets
are split into various folds and the proposed and baseline
models are trained and tested on the data to counter the

Table 2. Description of biomedical signal datasets used in the study

Dataset-1 EEG (Electroencephalogram) 256 Hz 32 4 (Neurological states)
Dataset-2 ECG (Electrocardiogram) 360 Hz 12 5 (Cardiac conditions)
Dataset-3 Multimodal Physiological Signals | 128 Hz 8 3 (Physiological activity states)
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Table 3. Definition of classification performance metrics

Accuracy TP + TN Overall correctness of automated diagnosis
TP+TN +FP4+FN

Precision TP Reduces false positive diagnoses
TP + FP

Recall (Sensitivity) TF Ability to detect true pathological cases
TP+ FN

F1-score Precision % Recall Balanced performance under class imbalance

Precision + Recall

Specificity TN Correct identification of healthy subjects
TN 4+ FP

AUC-ROC Area under ROC curve Threshold-independent diagnostic reliability

effects of data partitioning bias. Cross-validation gives
a more confident approximation of the generalisation
performance particularly in cases where there is limited
labelled biomedical data. All the performance averaged
by folds is stated to give a stable and representative
measure of the model performance, as mentioned
in (Table 3). The analysis of statistical significance is
carried out to confirm the improvements in observed
performance of the proposed attention-based framework
against the baseline methods. Proper statistical tests are
being used to compare the results of the classification
among the models, such that gains that are reported are
not a result of random chance. These assays give a sense
of confidence to the soundness and reproducibility of the
results of the experiment. The standardised performance
metrics alongside the reliability analysis, and statistical
validation summarised in (Table 3) facilitate a strict
assessment protocol that is in line with the best practises
in biomedical signal analytics.

ResuLts AND DiscussioN

The effectiveness of the proposed deep attention-based
signal analytics framework is quantitatively tested by
means of direct comparison to baseline approaches, in
terms of the competitive approach to traditional machine
learning classifiers and traditional deep learning models
devoid of attention mechanisms. The findings prove that
the proposed method is superior to the baseline methods
at all compared classification measures such as accuracy,
F1-score, sensitivity, and AUC of ROC. The improvements
demonstrate the usefulness of attention mechanismsin the
selective emphasis of informative temporal and spectral
dynamisations in high-dimensional biomedical signals. The
numeric findings are compared and summarised in (Table
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4) whereas the general performance trends are naturally
presented in (Figure 3) and are a clear indicator of
superiority of the suggested framework over the current
procedures.

To further help study the input made by individual
architectural components ablation studies is performed
by strategically eliminating or manipulating attention
modules in the proposed models. Experimental data point
to the observable decrease in accuracy in classification
without the presence of attention layers, which proves the
importance of attention in long-range dependencies and
inter-channel correlations. Comparisons of transformer-
based architecture and attention enhanced CNN models
demonstrate complementary advantages, as global
self-attention is more capable of modelling contextual
dependencies, whereas convolutional attention modules
are better than local discriminative patterns. The effects
of these architectural forms of design are measured by
the differences in the performances reported in (Table 4)
and highlighted in (Figure 3).

M Accuracy M F1-score

Accuacy / F1-score (%)

Random Forest  CNN (NoAttention) LSTM (NoAttention) Proposed Model

Methods

Fig.3: Comparative classification performance of the
proposed attention-based model and baseline methods
in terms of accuracy and F1-score.
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Table 4: Quantitative performance comparison with baseline methods

SVM (Handcrafted Features) 86.4 84.9 83.7 84.3 0.88
Random Forest 88.1 86.7 85.9 86.3 0.90
CNN (without Attention) 90.5 89.2 88.6 88.9 0.92
LSTM (without Attention) 91.3 90.1 89.4 89.7 0.93
Proposed Attention-Based Model |95.2 94.1 93.6 93.8

Biomedical signal analytics has been identified to need
interpretability, which the proposed framework has
provided to address via attention weight visualisation.
The attention maps can be analysed in order to observe
the way the model focuses on clinically relevant signal
segments, which will give information about the decision-
making process that takes place. This transparency and
credibility facilitates a correlation of model predictions
with the known physiological processes by the domain
experts through such visual explanations. The quantitative
increase presented in (Table 4) is added to the qualitative
increases in interpretability that enhance the relevance
of the proposed method in clinical decision-support
systems as demonstrated further in (Figure 3). Besides
the performance and interpretability, the computational
complexity analysis is also performed to determine the
feasibility of the suggested framework. Measurements of
inference time, number of parameters in the model and
computational overhead are done in order to ascertain
scalability. Whereas attention-based models add more
computational complexity to the simplified model, its
overhead has been observed to be within reasonable limits
to biomedical signal analysis in real-time or in near real-
time. The trade-off between the increased classification
and computational cost, as evidenced by the numerical
analysis in (Table 4) and graphical analysis in (Figure 3)
warrants the idea that the proposed framework is highly
applicable in actually being deployed in applications of
intelligent healthcare.

LimiTaTIONS AND FUTURE RESEARCH
DIRECTIONS

Although the proposed deep attention-based signal ana-
lytics framework is promising in its performance, there are
some limitations that need to be mentioned. A major con-
straint is associated with the generalisation of the dataset
as the experimental assessment is carried out against a
small subset of biomedical signal datasets with specialised
conditions of acquiring and class ratios. Even though the
use of cross-validation strategies attempts to enhance ro-
bustness, difference in sensor configurations, demograph-
ics of the population to study as well as recording condi-
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tions can influence performance during generalisation to
previously unseen clinical settings when the model is used.
This weakness reflects the necessity to use large, multi-in-
stitutional data sets with more diversity to provide addi-
tional evidence of the ability of attention-based models to
adapt conceptually as (Figure 4) sums it up.

The other significant limitation is related to real-time
deployment limitations. Deep learning models based on
attention, especially Transformer architectures, command
an extra cost in terms of computational resources because
of multi-head self-attention operations and large number
of parameters. Although the suggested framework has
shown a reasonable latency of inference in laboratory
environments, it might be hard to implement it on a
resource-limited device such as wearable computers or
bedside alarms. Complexity optimization, lessening of
memory footprint, and hardware acceleration will play a
pivotal role in making real time biomedical signal analytics
available in real healthcare practise as indicated in the
limitations depicted in (Figure 4).

The plausible next steps of the proposed framework are
the multimodal biomedical signal analytics deploying
heterogeneous data sources (EEG, ECG, EMG, imaging
signals, and clinical metadata) which will be analysed
jointly. The implementation of multimodal attention is
possible to boost contextual interpretation and increase
diagnosis accuracy by capitalising on the relationship

Generalization Interpretability

Data diversity Computational cost

Fig. 4: Distribution of key limitations in attention-based
biomedical signal analytics
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between complementary information sets of modalities.
These extensions would also enhance the automated
interpretation power particularly on complicated clinical
cases involving several physiological systems as suggested
in (Figure 4). Besides that, edge-intelligent and distributed
analytics frameworks can also be introduced as a future
option. By implementing light weight attention based
models deployed at the network edge, it is possible to
lower the latency, maintain the privacy of the data, and
have the ongoing monitoring in the field of application.
Significant advancements in attention-based signal
analytics should be combined with edge computing,
federated learning, and explainable Al in the future,
which will lead to scalable, privacy-sensitive, and trust-
based intelligent healthcare systems. The above research
potentials in the future, together with the drawbacks have
been conceptually summarised in (Figure 4), which offers
the roadmap towards future development of attention-
based biomedical signal analytics.

CoONCLUSION

This paper introduced an in-depth attention signal analyt-
ics framework to the/autonomous interpretation of high/
dimensional biomedical signals, which are related to ma-
jor problems in the area of noise and non- stationary and
complicated temporal dependencies in physiological sig-
nals. The proposed framework combines both transform-
er-based and attention-enhanced neural architectures
with time frequency signal representations, resulting in
effective methods and learning discriminative and inter-
pretable features without using handcrafted signal rep-
resentations. Through comprehensive experimental anal-
ysis it was consistently discovered that attention-based
models always outperform standard machine learned
baselines as well as conventional deep learning baselines
based on standard classification measures, with accept-
able computational performance. Additionally, the use of
attention mechanisms leads to improved interpretability
of the features by making obvious the clinically significant
segments of the signal, which increases the transparency
and reliability of the automated decisions made. On the
whole, the presented framework highlights the efficacy of
the attention-driven signal analytics as a scalable solution
that is efficient and reliable in automated interpretation
of biomedical signals, and has a great potential to contrib-
ute to the development of smart healthcare monitoring
and clinical decision-support systems.
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