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Abstract

There are an estimated 313 million surgeries performed worldwide each year. Even
with significant clinical and technical advances in perioperative research, many patients
experience a major complication during the first 30 days following surgery. In recent
years, there has been significant advancement in wearable technology and digital health
platforms to support remote patient monitoring. Research into machine learning models for
predicting adverse clinical events have predominantly focused on utilizing static, derived
vital metrics extracted from Electronic Health Record (EHR) systems. However, many
limitations have been identified with developing machine learning models from EHR data.
Deep learning offers a solution to these challenges by analyzing the physiological signals
directly to organize and automatically extract progressive layers of features. Preliminary
research in deep learning has just begun for biomedical signal analysis and has been
predominately limited to processing individual biometric channels and signal modalities.

This dissertation presents a novel deep learning framework, called the BiometricNet, for
processing continuous, multimodal physiological signals for the detection and prediction of
adverse clinical events. In the initial signal pre-processing stage of the BiometricNet,
an integrated Generative Multiscale Wavelet De-Noising Autoencoder (Ψ-GANDAE)
is utilized to remove common noise patterns encountered during ambulatory signal
collection. Signal segmentation and feature extraction is performed in the second
processing phase of the BiometricNet, where ResNet and BiLSTM architectures leverage
post-processing attention layers (RBLAN) to support multiple signal sensor formats (e.g.,
electrocardiograms, photoplethysmograms, respiration, temperature, and arterial blood
pressure), and collation of multiple synchronized channels. In the final stage of the
BiometricNet, detection and prediction of adverse health events is achieved by a Siamese
Neural Network (SNN), which produces a risk score based on the comparison of a baseline
signal with samples taken through the patient event timeline.

Important considerations addressed in the proposed framework include optimizing
the use of available data, given the lack of large publicly available labelled datasets
in healthcare, and addressing the imbalanced nature of clinical data, where there is a
chronic scarcity representing target adverse event conditions. The BiometricNet is flexible
and adaptive to support application to a wide array of adverse clinical events, and it is
demonstrated on continuous non-invasive blood pressure estimations from synchronized
ECG and PPG signals, and myocardial infarction predication from ECG Lead I, II, and
III channels. Lastly, this research honours important considerations regarding AI ethics
and network interpretability and transparency to facilitate regulatory approval processes
and garner confidence from clinical practitioners.
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Chapter 1

Research Motivation

There are an estimated 313 million surgeries performed worldwide each year, with an
additional 143 million more required to save lives and prevent disabilities in low-income
and middle-income countries.1 In Canada, that translates to 6,857 surgeries per 100,000
population annually.2 Even with significant clinical and technical advances in perioperative
research, more than 25% of adults over the age of 45 will have a major complication
during the first 30 days following noncardiac surgery.3 Major complications following
surgery include myocardial infarction (MI), myocardial injury non-surgical (MINS), sepsis,
infection, bleeding, delirium and strokes.3–10 Tragically, on average 1.8% of adults
worldwide that undergo surgery will die due to postoperative complications. Mortality
rates for these complications range from as high as 6.4% in Africa to 1.1% in North
America.3

Postoperative adverse events that have the highest attributable fraction to mortality
include major bleeding (17%), MINS (15.9%), sepsis (12.0%), and infection without sepsis
(2.8%).3 While stroke represents a small number of surgical complications, with an average
incidence rate of 0.08%-0.7% (higher in head and neck surgery at 4.8%), it leads to mortality
in 18%-26% of all cases.9 Postoperative Atrial Fibrillation (PAF), a cardiac arrhythmia
that is characterized by frequent and irregular ventricular beats, is the most common
complication arising after coronary bypass surgery (30% of all cases) and results in a
twofold increase in the incidence of cerebral infarction in patients during an ICU stay
(2.3% rate for non-PAF versus 5.3% for PAF group).11 Additionally, delirium, which is
a state of cognitive impairment and altered consciousness that can lead to patient injury
and poor clinical outcomes, was observed in 24.4% of post-surgical patients with critical
illnesses.10
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A substantial number of patient deaths do not occur in the operating room (0.70%),
but rather after surgery in the ICU and general wards (69.93%), or following discharge
home (29.37%).3 Vital sign monitoring in the hospital during surgery is often done on a
continuous basis with specialized equipment, but this is reduced on the general wards to
measurements taken at intermittent and irregular intervals (2.0-5.4 readings/day).12 The
diligence of the monitoring frequency is also dependent on the vital metric type, with
blood pressure being the most frequently taken measurement at 5.0 readings/day, heart
rate at 4.4 readings/day, temperature at 4.2 readings/day, and respiration rate at only 1.0
reading/day.12 The level of patient support and vital sign monitoring then often drops
even more considerably following the patient’s discharge from the hospital and transition
home.

In recent years, there has been significant advancement in wearable technology and
digital health platforms to support remote patient monitoring. These low power Internet
of Things (IoT) devices offer the potential to capture multiple continuous biometric signals
from patients outside of the confines of the hospital environment.13,14 One such Mobile
Health (mHealth) technology is being developed by Cloud DX, a wearable Continuous
Vital Sign Monitor (CVSM) called VitalitiTM (see Figure 1). This device is designed to
continuously collect and derive the major vital signs through a chest-mounted wearable
device with a detachable in-ear sensor. Parameters measured include: 5-Lead ECG
(sampled at 1 kHz), heart rate and heart rate variability, respiration rate (sampled at
100 Hz), core body temperature (infrared sensor in ear sampled at 1 Hz), blood oxygen
saturation (Red and IR channels sampled at 1 kHz), continuous non-invasive blood pressure
(cNIBP), and pulse transit time.13
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Figure 1: VitalitiTM Continuous Vital Sign Monitor (permission from Cloud DX)

A remote automated monitoring (RAM) architecture for supporting patients in their
home during their post-surgery convalescence is illustrated in Figure 2.13,15,16 The clinical
grade wearable sensors are worn continuously by the patient throughout their recovery
to derive key vital metrics, capture physiological signals (e.g., electrocardiograms), and
provide real-time detection of cardiac arrhythmias (e.g., atrial fibrillation). These vital
metrics and system diagnostic information are transported in near real-time through
wireless transfer protocols, such as Bluetooth Low Energy (BLE), to a tablet or
smartphone. The smartphone relays pertinent information to a HIPAA-compliant1 cloud
infrastructure through Wifi or Cellular networks. The cloud infrastructure provides
distributed and secure storage for the patient data and analyzes trends to produce Early
Warning Scores (EWS) indicative of patient deterioration and adverse clinical events.
Notifications are generated for the clinical care team when the EWS fall beyond clinically
established thresholds. The care team then further investigates these notifications, and
where required provides meaningful clinical interventions.

A before-and-after study was conducted to investigate the impact of a RAM workflow
for deteriorating patients in a general medical ward in the UK.17 A Philips IntelliVue
Guardian Solution was applied to patients and spot-check measurements by the nurses
(along with data from sensors) captured respiratory rate, blood pressure, heart rate,
pulse oximetry, and temperature, and automatically transferred these metrics to the
hospital Electronic Medical Record (EMR) system for processing. Three different EWS

1Health Insurance Portability and Accountability Act
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Figure 2: Remote Automated Monitoring Architecture

were derived from the patient vital metrics including the National Early Warning Score
(NEWS), the Chronic Respiratory Early Warning Score (CREWS), and a palliative care
algorithm. The study was conducted over a one-year control period where data was
collected from 2,139 patients, and a subsequent one-year intervention phase with 2,263
patients. The study showed some promising early results for the application of RAM
workflows, as demonstrated by a reduction of mortality from 8.09% in the control period
to 6.50% in the intervention period (p = 0.042). A reduction was also seen in the number
of major complications, with the incidence of severe sepsis reduced from 0.98% to 0.04%
(p < 0.001) and cardiopulmonary arrest from 0.66% to 0.09% (p = 0.002). The severity of
patients’ illness was also reduced for those requiring ICU intervention with a mean Acute
Physiology and Chronic Health Evaluation II score of 26 (SD 9) during the control period
versus 18 (SD 8) during the intervention period.
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Early Warning Scores (EWS) have been developed to identify serious clinical
complications in a healthcare setting. These scores are often developed from gold
standard-of-care and trial-and-error iterations of the designated weights and thresholds
to balance identification with alarm fatigue.18 EWSs are typically represented by linear
combinations of measured vital metrics and are limited in the complexity of events that
can be detected. Machine learning methodologies are increasingly being leveraged in
recent literature to develop more complex models to identify adverse clinical events. Deep
learning topologies hold particular promise as they can predict more complicated adverse
clinical states and are able to process the underlying physiological signals directly, without
significant feature engineering efforts.

The initial intended commercial use for the outlined research will be to support patients
during post-surgical convalescence in the home healthcare environment. Deep learning
models will be architected to reside in the cloud infrastructure and provide inference on
collected high fidelity physiological signals from the VitalitiTM clinical grade wearable
device. Due to the cost of bandwidth on cellular networks, as well as the potential for
delay in transferring signals through the mobile network, it is advantageous to move
inference to the middleware layer, or on the device itself with edge-based computing
for near real-time performance. Limitations on the resources available in the embedded
development environment will constrain the size of the predictive models that can be
supported and techniques such as network distillation will be explored.19 It is also
advantageous to bring clinical decision-making to the point-of-care to eliminate the risk of
lost or delayed data during transfer to the cloud infrastructure, and thus hinder notice for
timely medical interventions. While the initial intended use scenario is for post-surgical
patients, the proposed solution has garnered interest for Emergency Room triage as well
as expanded “hospital-at-home” scenarios.

1.1 Thesis Organization

The focus of this thesis will be to present a novel deep-learning framework to support the
processing of continuous, multimodal biometric signals in near real-time for the detection
and prediction of complex adverse clinical events. Current research in machine learning,
and more recently deep learning, for patient deterioration and adverse clinical event
prediction will first be explored in chapter 2. A background on the machine-learning
technologies that are leveraged throughout the thesis will be provided, along with an
analysis of the current challenges and opportunities in the field of adverse clinical event
detection and prediction. The deep learning architecture to support real-time processing

5



of continuous multimodal biometric signals for the identification and prediction of clinical
events will then be developed in chapter 3, along with details of relevant experimentation
to demonstrate the utility of each stage of the solution. The proposed deep learning
framework will be separated into three phases to represent the stages of processing, namely:
1) Signal pre-processing, 2) Signal segmentation and feature extraction, and 3) Regression
or classification. Lastly, the conclusions, limitations, and future directions for this research
will be discussed in chapter 4.
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Chapter 2

Literature Review

2.1 Deep Learning Architectures

An overview of deep networks is first provided to acquaint the reader with the architectures
that were most commonly employed in recent literature. These deep topologies provide
the essential components for developing models to predict the onset of adverse events
and patient deterioration in a clinical setting. Readers familiar with these deep learning
approaches are invited to skip to section 2.2 for the literature review.

2.1.1 Autoencoders

The concept of the autoencoder has been present in artificial neural network research
for over 30 years.20–22 In early works, they were used predominately for “dimensionality
reduction or feature learning” (Goodfellow et al., page 393).23 In a paper published in 2006
by G. E. Hinton, and R. R. Salakhutdinov entitled “Reducing the Dimensionality of Data
with Neural Networks” a method was outlined for initializing the weights for autoencoders
to a sufficiently close approximation to allow the networks to converge and encode feature
vectors in a manner that is better than principal component analysis.24

An autoencoder is an unsupervised learning approach, where xi represents both the
input and output label yi. For a basic, or Vanilla Autoencoder, a feedforward network is
used and backpropagation training is applied to learn an output function where h represents
the encoding function and r a reconstruction function:23

h = f(x), (2.1)

7



.
r = g(h). (2.2)

The loss function used represents the reconstruction error between the output and the
original inputs as measured by the Mean Squared Error or L2 loss:

L(x− x̂) =
1

N

N−1∑
i=0

(xi − x̂i)
2. (2.3)

The layers in this network are incomplete (the number of nodes in the hidden layer are
fewer than in the input layer), thus forcing the network to compress the input to a better
encoding representation (see Figure 3 below).

A de-noising autoencoder (DAE) is used for input features that contain an additive
noise distribution:

x̃i = xi + zi ∼ N (µ, σ). (2.4)

The reconstruction loss is then represented by the input vectors without the noise. The
goal of the encoding-decoding process is to reconstruct the input vectors without the signal
noise.

Figure 3: Vanilla Autoencoder

The vanilla autoencoder relies on a deterministic model for the network parameters,
but the Variational Autoencoder (VAE) models the inputs, hidden units, and output as
stochastic models.25,26 The loss function therefore uses a probabilistic formulation of the
log-likelihood reconstruction loss, as well as a regularizer term based on Kullback-Leibler
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divergence. Where the encoder network is represented by Q(z|X), the decoder network by
P (X|z), and z is the encoded representation27 :

L(X) = EQ(z|X)logP (X|z)−KL(Q(z|X)||P (z)). (2.5)

One of the benefits of stochastic parameter modelling includes the ability for the network
to better generalize on unseen data. The VAE can also be used to generate simulated data
from the learned probability distribution. With a sparse autoencoder (SAE), the hidden
layer over-represents the input vector with additional nodes, and penalty terms are used to
encourage sparsity during training. Sparsity can be achieved by removing weights during
the training process. The loss function used in training includes the reconstruction loss
between the input and output vector, as well as a regularization, where λ is the sparsity
penalty term, and wj the model weights:

L(x− x̂) =
1

N

N∑
i=0

(xi − x̂i)
2 + λ

M∑
j=0

∥wj∥ (2.6)

2.1.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) were introduced by Rumelhart et al. in 1986 and are
specifically designed for use with sequential or temporally related inputs.28 The recurrent
portion of the network are feedback loops that allow outputs from the previous step to
be used as inputs for the next processing unit (See Figure 4 below). A limitation of this
structure is that for long sequences of input the network can experience the vanishing
gradient problem due to repeated applications of the activation function.

Figure 4: Recurrent Neural Network (Source: LeCun et al., 2015)
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2.1.3 Long Short-Term Memory (LSTM) Networks

A solution to the vanishing gradient problem was proposed by Hochreiter and Schmidhuber
in 1997 with their Long Short-Term Memory (LSTM) architecture29 (see Figure 5 below).
In this network architecture, the LSTM cell uses a forget gate to allow control of how many
inputs to use from previous cells:30

f t = σ(W f · [ht-1, xt] + bf). (2.7)

As well as what new inputs should be stored in the cell state (Ct) with an input gate, where:

it = σ(W i · [ht-1, xt] + bf), (2.8)

Čt = tanh(C i · [ht-1, xt] + bc), (2.9)

Ct = f t ∗ Ct-1 + it ∗ Čt, (2.10)

An output gate is used to control how much of the cell state to provide in the output
(where ht represents the output of the cell):

ot = σ(W o · [ht-1, xt] + bo), (2.11)

ht = ot ∗ tanh(Ct).
30 (2.12)

Figure 5: Recurrent Neural Network Unit Versus a Long Short-Term Memory Unit -
(Source: Olah, C., August 27, 2015)

Long-Short Term Memory models have been applied successfully for natural language
processing (NLP) tasks (character-based models;31 word-based models32), as well as speech
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recognition.33 The LSTM model is able to identify sequential dependencies in data with
the control of outputs from previous time steps. This makes them well suited to analysis
of time series data where temporal connections can be identified. A variant of the LSTM
is a bi-directional LSTM (BiLSTM) that processes the data in a forward and backward
direction.

2.1.4 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) were formally introduced by LeCun et al. in 1999
through their paper titled “Object Recognition with Gradient-Based Learning”,34 which
outlined a new convolution-based architecture in the LeNet-5 network for digit recognition
(See Figure 6). In this architecture, a bank of convolutional filters is first applied to the
input matrix to produce multiple feature maps. These feature maps are then down sampled
to further reduce the dimensionality of the inputs, with average pooling also helping to
promote generalization for unseen data. The convolutional and average pooling steps are
repeated and the resultant feature maps are flattened as inputs to two final fully connected
layers. This method is well-suited for processing 2-dimensional matrices but can also be
used against 1-dimensional vector inputs (such as biomedical signals).

Figure 6: Architecture of the LeNet-5 (Source: LeCun, 1999)

Convolution is a mathematical operation that is applied against two functions, where
one is flipped and shifted across the other while measuring the integral of the overlap. The
convolution of [f ∗ g](t)] is thus represented as:35

[f ∗ g](t) def=
∫ ∞

−∞
f(τ)g(t− τ)dτ. (2.13)
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Convolution in the time domain is multiplication in the frequency domain, and this
operation is thus very suitable for image and signal filters.

Convolutional Networks (CNN) provide a foundation from which many more complex
network architectures have been based for both image classification and segmentation
tasks.36–38 For example, Fully Connected Networks (FCNs) were one of the first network
architectures to utilize CNNs for end-to-end, pixel-to-pixel semantic segmentation.38 FCNs
utilize a convolution-deconvolution architecture that does not contain any fully connected
layers. AlexNet was introduced at the ImageNet 2012 competition, where it produced a
top five test error of 15.4% on the difficult ImageNet data set, consisting of over 15 million
images and representing over 22,000 categories (the next best competitor achieved a 26.2%
top 5 error rate).36

2.1.5 Siamese Neural Networks

Siamese Neural Networks were first introduced in 1993 by Bromley et al.39 and were
initially demonstrated for the task of signature verification. A Siamese Neural Network
consists of twin sub-networks that share the same weights and process two inputs
concurrently. After the processing stage, comparison layers are utilized to determine
a difference or similarity metric between the two inputs. The Siamese Neural Network
architecture has been demonstrated effectively on the task of one-shot image recognition.40

2.1.6 Generative Adversarial Networks

Goodfellow et al. first introduced Generative Adversarial Networks (GANs) to the world
in seminal work published in 2014.41 Since that time, GANs have had wide adoption
in the machine learning community, setting new performance standards in the fields of
large language models42 and image generation.41,43 Arguably, GANs have had the best
translation to mainstream applications, and produced some of the most sensational results
in the field. OpenAI is an industry leader on GAN technologies, with their GPT-4 text-
or image-to-text model,42 and DALL-E natural language-to-image43 commercial models.

GAN architectures consist of two distinct models, a generator and a discriminator. The
generator creates content in the modality of choice, and the discriminator tries to determine
if it is generated or real content. The tension between the generator and discriminator
drives both to iterate to higher levels of performance. The discriminator model is typically
discarded at the end of the training process, as it is only used as scaffolding to improve
the performance of the generator model.
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2.1.7 Supervised, Unsupervised, and Reinforcement Learning

Prevalent strategies for training machine learning models include supervised, unsupervised,
and reinforcement techniques.23 Supervised learning is associated with regression
(continuous values or ordinal values) and classification problems (categorical or unordered),
where labels exist to define desired network input-output mappings. Unsupervised
techniques are utilized for data sets without associated labels and include clustering and
generative modelling approaches.44 Reinforcement learning defines a reward mechanism
for networks to measure performance against and networks are defined by actions and
states. Supervised learning is preferred for developing predictive models as it leverages
gold standard case labels and represents the majority of research that has been done in
this field.

2.2 Detection & Prediction of Clinical Complications

Machine learning is increasingly being leveraged in recent literature to develop more
complex models to identify serious clinical complications. Much of this research utilizes
derived vital metrics, typically measured during standard care in the hospital, to predict
the onset of common adverse conditions, such as sepsis,45–51 adverse clinical events,52–60

delirium,61–65 patient deterioration,66–73 and mortality.74–77 See Appendix A for a summary
of current research that has been conducted utilizing machine learning methodologies for
detecting and predicting clinical complications from features readily available in the patient
data captured in the EMR, such as vital metrics, laboratory results, patient symptoms,
and diagnosis.

2.2.1 Sepsis Prediction

Sepsis is a serious medical condition caused by a cascade immune response to an infection,
which is associated with 5.5% of all deaths in Canada from 2009-2011.78 Sepsis detection
and prediction has been a recent focus of supervised machine learning research.45–51,79,80

All of the early research identified utilized key vital metrics as input features to machine
learning models, with heart rate (HR), respiration rate (RR), peripheral capillary oxygen
saturation (SpO2), systolic blood pressure (SBP), and temperature included in all the
classification models reviewed, and diastolic blood pressure (DBP), and Glasgow Coma
Score (GCS) included in most models. Improved prediction accuracy was obtained by
Henry et. al46 by also including key laboratory results, patient co-morbidities, and more
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advanced indexes (e.g. shock index HR/SBP) in their TREWScore algorithm, which
was also aligned with the results from Fagerström et al. in 2019.50 In 2020,79 a more
comprehensive event sequence was assembled containing approximately 5,000 features from
information extracted from the Electronic Health Records (EHR) admissions system. This
data included medication information, laboratory results, medical imaging, diagnostics and
procedures from the national patient register, and sociodemographic information from a
civil register system. This extensive feature vector was utilized as an input to a CNN-LSTM
network, producing an Area Under the Receiver Operating Characteristics (AUROC) curve
of 0.856 at three hours to onset. The most common machine learning approaches utilized
in sepsis prediction models were gradient tree boosting and ensemble forests,47–49 but the
best classification accuracy in the reviewed research utilized an LSTM network with an
AUROC of 0.88 at four hours to onset.50 All research reported the detection accuracy at
onset and then at variable time increments up to a maximum prediction window of 72
hours before diagnosis. To address concerns noted with model generalization for single
site studies, a large, international, multi-centre study was conducted on 136,478 unique
ICU admissions collected in the US, the Netherlands, and Switzerland between 2001 and
2016.80 A deep learning model with dense outer layers and causal self-attention inner layers
produced an average AUROC of 0.846 (95% CI, 0.841–0.852), and when fine-tuned on a
hold-out validation set, achieved a transfer performance to other sites with AUROC of
0.807 (95% CI, 0.801–0.813).80

2.2.2 Delirium Prediction

Delirium is a common post-operative complication occurring in 24.4% of critically
ill patients and is associated with a 25% hospital mortality rate, versus 6% for
non-delirious patients (p < 0.01).10 Research efforts have focused on utilizing preoperative
variables gathered during the patient’s admission assessment as inputs into a variety
of machine learning models to predict post-operative delirium risk.61–65,81 These input
attributes include continuous and discrete variables across a wide array of care domains,
comprising demographics, socioeconomic, clinical, pharmacy, laboratory, and vital signs
measurements. In this early phase of research, a diverse set of machine learning models,
with both linear and non-linear solution spaces have been investigated. Modelling
approaches utilized in the identified research include: Logistic Regression (LR), Generalized
Additive Model (GAM), Random Forests (RF), Support Vector Machines (SVM) with
radial basis functions (RBF), Artificial Neural Networks (ANN), Extreme Gradient
Boosting (XGB), Gradient Boosting Machine (GBM), and Näıve Bayes (NB). A GBM
model produced the best results in one study,81 with a resultant AUROC of 0.933 (95%
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CI, 0.929 - 0.936) for delirium prediction, utilizing demographic data as inputs to the model,
as well as a 56 item nursing care assessment that measures the abilities and impairments of
patients in areas such as level of conciousness and motor skills. It is important to note that
a comparison between the published research was difficult given there were no standard
data sets used between the research groups.

State-of-the-art research has just begin to move beyond structured EMR data to
leverage deep learning methods to process physiological signals directly for delirium
prediction. Mulkey et al.82 utilized a vision transformer model that processed
electroencephalogram (EEG) waveforms, which produced a 97% accuracy for predicting
delirium. Ahmed et al.83 utilized EMR data as well as actigraphy information from
wrist-mounted sensors, with the resultant performance of the machine learning models
(Random Forest, SVM and XGBoost) demonstrating an overall mean accuracy of 74%
(10%), and F1 score of 65% (10%).

2.2.3 Patient Deterioration Prediction

Other research has focused on detecting general patient deterioration that is characterized
by the need for life-saving interventions (LSI), transfer to ICU, cardiac arrest, and/or
mortality.66–73,84 In the identified research, all models utilized a combination of discrete,
continuous, or categorical variables extracted from patient demographics, laboratory
results, and vital metrics gathered during the admission process, transport to the hospital,
or during the in-patient stay. Key vital metrics, such as respiration rate, heart rate, and
pulse rate, were captured at more frequent intervals of up to 2 seconds, and non-invasive BP
sometimes captured at longer intervals of up to 2 hours.71,72 Patients were also monitored
with intra-arterial catheters in some studies to directly measure arterial blood pressure.70,84

In Moss et al.,72 ECG data was also processed into Data Quality Indexes (DQIs) to provide
indications of overall signal quality, and heart rate variability (HRV) measurements from
R-R peak intervals extracted to provide information on cardiac arrhythmias and ectopic
beats. Early research predominantly utilized Multivariate Logistic Regression,67,72,84 with
more recent research including deeper model topologies such as Recurrent Neural Networks
(RNNs),66 Levenberg-Marquardt ANNs,69 LSTMs, and residual temporal convolutional
networks (TCNs).85

Most recently, notable results were demonstrated by Mehrdad et al.85 with a residual
temporal convolutional network (TCN) that utilized vital signs (i.e. oxygen saturation,
heart rate, and temperature) over a proceeding interval as network inputs, achieving an
AUROC of 0.9336 on the detection of deterioration in patients with COVID-19. The
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prediction window in the identified research ranged from 6-8 hours for Colopy et al.68 with
a clinically relevant false positive rate of 10%-15%, to the work from Boulitsakis Logothetis
et al.,86 which provided a 24-hour prediction window with an AUROC of 0.92. Many of the
data sets used were limited in size due, in part, to the cost and effort to collect study data
in a clinical setting when these metrics are not already part of standard care. Exceptions
to those limitations are the collated data set by Churpek et al.67 with data from 269,999
patients collected over five hospitals in Chicago, and Boulitsakis Logothetis et al.86 with
118,886 patients that had unplanned admissions to Salford Royal Hospital in the UK.
In Mehrdad et al.,85 a substantial data set of 37,006 patients admitted to NYU Langone
Health through the COVID-19 pandemic was utilized to support training of deeper network
topologies for prediction of patient deterioration.

2.2.4 Adverse Clinical Event Prediction

Independent machine learning models have also been developed to detect and predict
specific adverse clinical events, such as: hypertension (SBP > 120 and DBP ≥ 80 or
MBP ≥ 105 mmHg), hypotension (SBP < 90 and DBP ≤ 60 or MBP ≤ 70 mmHg),
tachycardia (HR > 100 beats per min.), bradycardia (HR < 60 beats per min.), tachypnea
(RR > 17 breaths per min), bradypnea (RR < 12 breaths per min), hypoxia (SpO2 < 93%),
bleeding, renal failure, and heart failure52–60,87 as early precursors to mortality. Much of
the identified research involved retrospective studies that utilized clinical features that
were previously captured in the EHR, including: vital metrics (HR, SBP, DBP, MBP,
RR, SpO2), laboratory test results, arterial blood gases, and balance output (e.g. urine
output). Tsur et al.53 also included pulse pressure (PP=SBP-DBP) and relative cardiac
output (CO=HR*PP) along with SBP, DBP, and HR measured at one minute intervals
to build time series data and then extract statistical features (mean, median, standard
deviation, variance, interquartile range, skewness, kurtosis and linear regression slope),
wavelet features, and cross-correlation features from 30-240 minute observation windows.
These features were used as inputs into an Extreme Gradient Boosting (XGBoost) ensemble
network, which achieved an AUROC of 0.937 for predicting hypotensive events after 240
minutes of observation, with a 60-minute gap window, and a 30-minute target window.53

Most recently, a deep stacked recurrent network was used to predict Acute Kidney
Injury (AKI) to determine cases that required follow-up dialysis.87 The AKI prediction
model achieved a 90.2% accuracy with a 2-to-1 ratio of false alarms to true events, at
an event horizon up to a 72 hour prediction window.87 The window of prediction for
these hemodynamic and cardio-respiratory events was typically 15-120 minutes,60 which
is much smaller than those achieved for general patient deterioration detection models.
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The exception to this was a model to predict heart failure that utilized an extended
12-month prediction window.57 Random Forests and XGBoost models were top performers
for hypotension prediction,53,54 while Recurrent Neural Networks (RNNs) were used for
predicting more complex medical states such as heart failure, renal failure, bleeding, and
mortality.55,57

Probabilistic models using Hidden Markov Models (HMMs) were developed with success
to identify a broad array of cardio-respiratory events, such as hypertension, hypotension,
tachycardia, bradycardia, tachypnea, bradypnea, and hypoxia with an average accuracy
of 97.8% on clinically complex combinations of these events.58 The work by Hatib et al.60

was also notable, where a logistic regression model was developed to predict hypotension
events 15 minutes before onset, achieving a sensitivity of 83.6%, specificity of 83.3%, and
an AUROC of 0.91 on the external validation set. A set of 51 features was utilized as inputs
to this hypotension prediction model, each extracted from individual beats in the arterial
blood pressure waveform, separated into five phases (systolic phase, diastolic phase, systolic
rise phase, systolic decay phase, and overall decay phase). Many researchers solely used
the MIMIC-II (III) clinical ICU dataset for training and testing models, while Tomašev
et al.87 utilized information from the US Department of Veterans Affairs collected from
2011-2015 that included 703,782 patients records.

A prediction model for cardiac arrest in the pediatric ICU was developed at the Hospital
for Sick Children in Toronto,88 which utilized a CNN feature extraction layer followed by
an LSTM. Individual time series were assembled for measurements taken at five second
intervals for heart rate, respiration rate, pulse rate, oxygen saturation, arterial blood
pressure, and standard deviation of R-R intervals. Each of these physiological signals
was processed by the CNN+LSTM model for a given window of analysis to produce a
prediction score, and then added together in an ensemble model with a linear weighting of
each physiological signal as:

Risk Score =

∑N
i=1(Wi ∗Riski) ∗ 1i∑N

i=1(Wi) ∗ 1i
, (2.14)

where 1i = 0 if signal i is missing and 1i = 1 otherwise. A Riski was determined by training
a small network to attribute for the age of the patient, with:

Riski = Sigmoid(r ∗ agescale), (2.15)

agescale = ReLU(age ∗Wage + bage), (2.16)

Where r represents a primary risk probability, Wage the network weights, and bias bage. On
a small test cohort of 20 patients with at least one incidence of cardiac arrest, the weighted
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risk score demonstrated alarms above a 0.5 threshold at 30 minutes prior to event in all
cases.

2.2.5 Mortality Prediction

An ultimate manifestation of prognostic clinical research has been towards mortality
prediction for patients in a critical care setting. It is noted that this research is associated
with more controversial ethical questions regarding the negative impact it could have on
the quality of care that patients receive who are deemed to have a high mortality risk. As a
counterargument, it might also have the potential to improve care standards by identifying
patients that require more aggressive interventions to alter current patient trajectories. At
the very least, research conducted in this field is transferable to predicting other clinical
adverse events as it provides labelled classifications that are frequently available in many
EHR systems.

Seminal work in the field of mortality prediction was conducted by Du et al. in
2016,74 which utilized 73 clinical variables gathered from the MIMIC-II database that
reflect patient demographics and severity scores (e.g. Simplified Acute Physiology
Score-SAPS, Sequential Organ Failure Assessment-SOFA, and Glasgow Coma Score-GCS),
co-morbidities, laboratory results during admission, vital signs (median values of first 24
hours), and interventions (e.g. use of mechanical ventilation, vasopressor, and sedative
medications). These 73 features were inputs into a Deep Belief Network (DBN) with
Genetic Algorithms (GA) that were used to determine an optimal network topology.
This work was notable for the use of unsupervised learning methodologies in contrast
to supervised learning methods employed almost exclusively by all the other research
identified in the arena of health outcome prediction. The DBN demonstrated a high
mortality prediction accuracy at 98% against a 28-day horizon.

The majority of research reviewed utilized a subset of clinical variables available
through retrospective analysis from the EHR and associated data registries, with attribute
categories including patient demographics, laboratory results, vital signs, interventions,
care events (e.g. procedures), and diagnosis codes. Models typically employed include
Random Forest (RF),75,76 Gradient Boosting Machines (GBM),89,90 and ensemble models91

(that contain a combination of Gradient Boosting Machine-GBM, Random Forest-RF,
Support Vector Machines-SVM, Näıve Bayses Model-NBM). An LSTM model was utilized
with a breadth of clinical features as inputs to achieve an AUROC of 0.9030 for a five year
prediction window,90 and a convolutional Neural Network (CNN) achieved an AUROC of
0.881 with a 60-hour mortality prediction window.77
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Novel research by Wang et al.,92 used Natural Language Processing (NLP) to extract
features from patient demographic information and longitudinal clinical notes with an
LSTM model to predict patient mortality against a 2-year event horizon with an AUROC
of 0.943. In the most recent research, Sun et al.93 used only ECG waveforms as inputs into
a ResNet architecture, achieving an AUROC of 0.812 (95% CI, 0.808–0.816) for a one year
prediction horizon, and an AUROC of 0.798 (95% CI, 0.792–0.803) for a five year event
horizon.

2.3 Deep Learning for Physiological Signal Analysis

Deep learning is a more recent specialization of machine learning, which utilizes
representation learning to organize and automatically extract progressive layers of features
directly from raw data, without significant feature engineering efforts.44 Deep learning
architectures, such as Generative Adversarial Networks (GANs), Convolution Neural
Networks (CNNs), and Recurrent Neural Networks (RNNS) (specifically Long Short-Term
Memory), have been demonstrated to surpass previous methods in the fields of machine
vision,36 speech recognition,94 natural language processing,95 and even beat world renowned
human experts in games of logic such as Go.96

Deep learning applications in healthcare have had slower adoption than in many other
fields though, likely due to the scarcity of data because of concerns relating to the Personal
Health Information Protection Act (PHIPPA), poorly labelled and unbalanced data for
supervised learning techniques, and lack of precedent for approval from the FDA, Health
Canada, and the European Commission. These regulatory challenges are being overcome
with the first deep learning algorithm cleared by the FDA for analyzing cardiac MRI
images in 2017.97 Deep learning methods are a natural candidate to use in the detection of
complex patterns from raw biomedical signals and offer the potential to surpass machine
learning models that utilize only derived clinical metrics as network inputs. Deep learning
architectures have been emerging in recent years for the analysis of physiological signals for
cardiac arrhythmia classification,98–108 signal de-noising,109–111 and myocardial infarction
detection and prediction.112,113

2.3.1 Cardiac Arrhythmia Classification

Atrial fibrillation is a cardiac arrhythmia that affects an estimated 33.5 million people in the
world, or approximately 0.5% of the global population.114 This arrhythmia is characterized
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by rapid and irregular ventricular beats and the resultant chaotic heart rhythm is a key
contributor to the occurrence of strokes. The Heart and Stroke Foundation of Canada
estimates that atrial fibrillation is the cause of 1 in 3 strokes for people over the age of
60,115 and the CDC estimates that this cardiac arrhythmia is the cause of 130,000 deaths
each year in the United States.116

Applications of deep learning towards the classification of cardiac arrhythmias in
ECG signals have recently begun to emerge. In the 2017 PhysioNet/Computing in
Cardiology (CinC) Challenge, a significant number of the solutions involved deep models
for the classification of cardiac rhythms. Winning classification methods from the CinC
competitors as demonstrated on a reference dataset included many successful deep learning
topologies for atrial fibrillation (AFIB) detection.98–101 The common deep network
architectures shared across this work includes CNNs and RNNs.98–100 Representative
results from these methods demonstrated a sensitivity of 82.5% and specificity of 98.7%
on the CinC dataset.101

Hybrid combinations of recurrent and convolutional networks have been proposed
to capture the unique sequential properties and morphological features of biomedical
signals.100–102 Techniques are also being introduced to capture both time and frequency
domain characteristics of the signals as better inputs for machine learning models. A
continuous wavelet transform (CWT) was used by He et al.103 to bound frequency
information to a time scale in a window surrounding an identified beat (from the annotated
reference), which was then represented by a scalogram for subsequent processing by a CNN.
This combined CWT and convolutional neural network approach achieved a sensitivity of
99.41% and specificity of 98.91% on the MIT-BIH AFIB database.

In seminal research by Hannun et al.,104 a deep learning model for cardiac arrhythmia
detection using convolutional networks was introduced. This work involved the collection
of a significant data set for training and testing a deep convolutional network with 34
layers. Data was collected from 29,163 patients from a single lead ECG recording, sampled
at 200 Hz, for a duration up to 14 days. The training and testing set was created from 30
second intervals extracted from these patient recordings for a total of 64,121 ECG samples
(approximately 534 hours of ECG recordings). The deep network was trained to classify 12
different types of arrhythmias, along with sinus rhythm and noise. A committee of three
cardiologists provided the ground truth for the test set and then the model performance
was evaluated against annotations made by a second group of cardiologists. The deep
model outperformed the average cardiologist in all but two classifications for sequence
level metrics and all but one in set level metrics. This predicate research provides evidence
that data sets at this scale are adequate for training deep models with biomedical signals
for complex classification tasks.
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A novel combination of CNNs and de-noising autoencoders (ConvDAE) was used by
Ochiai et al.105 for arrhythmia detection in 2-lead ECG signals. In this research, the input
signal x was corrupted by a stochastic mapping to partially destroy the input signal and
the loss function used for training was the mean squared error:

x̃ ∼ C(x̃|x). (2.17)

Both 1-D and 2-D convolutional filters were investigated in this research and 2 leads of
ECG signals were processed simultaneously by the system. Performance of the models were
evaluated on the MIT-BIH Arrhythmia database for both ventricular ectopic beat (VEB)
and supraventricular ectopic beat (SVEB) types. The 2-D ConvDAE produced better
classification performance than the 1-D model, with an accuracy of 0.957, sensitivity of
0.847, specificity of 0.9666, and positive predictive value of 0.748 on VEB beat types. This
compares favourably with predicate research by Zubair et al.106 that utilized a 1-D CNN,
which achieved an accuracy of 0.951, sensitivity of 0.801, specificity of 0.964, and positive
predictive value of 0.740.

Daniel et al.107 recently utilized a 2-D representation of the ECG segment to capture
frequency and time domain information by applying the Morse Wavelet. Transfer learning
was employed by training the ECG segments from ResNet 50 and AlexNet pre-trained
models. An overall average accuracy of 99.2%, average sensitivity of 99.2%, and average
specificity of 99.6%, was achieved on a test set from the MIT-BIH Arrhythmia database.
A hybrid model utilizing CNN and LSTM layers, was most recently leveraged by Yildirim
et al.108 for cardiac arrhythmia classification. Their network produced an accuracy of
92.24%, a sensitivity of 80.15%, and specificity of 98.72% on seven arrhythmia patterns
including atrial fibrillation and Supraventricular Tachycardia (SVT). Results were tested
on a large ECG database representing over 10,000 patients and lead II configuration was
found to produce the best results.

2.3.2 Signal Noise Filtering

ECG signals are susceptible to many different sources of noise, particularly during
ambulatory collection. Traditional approaches to ECG signal de-noising include Band-Pass
Filters (IIR or FIR),117 Adaptive Filters,118 Savitzky-Golay Filters, Empirical Mode
Decomposition (EMD),119,120 and wavelets.121,122 These methods have many recognized
challenges that limit digital signal processing performance on ECG signals. Techniques
that rely on spectral power isolation of noise, such as band-pass filters, EMD, and wavelets,
struggle with overlapping EMG noise regions with QRS complex activity in the 10Hz-20Hz
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band, and P and T wave activity with electrode motion artifacts in the <5Hz range.
Electrode motion artifact is particularly difficult to mitigate, as it mimics the appearance of
ectopic beats and cannot be easily removed with such filters. Current de-noising approaches
can also alter beat morphology, impacting R-peak detection and diagnostic activities (see
Figure 7 for an illustration of the cardiac cycle as captured in an ECG signal).

Figure 7: ECG Cardiac Cycle

Autoencoders have been demonstrated as an effective means of removing common noise
patterns, such as DC baseline offset drift (BW), muscle artifact (EMG-MA), and electrode
movement artifact (EM), within ECG signals.109 In early work published in 2016,109

an improved stacked contractive de-noising autoencoder (I-DAE) was demonstrated as
more effective at removing common noise rhythms than established traditional filtering
methods. This technique utilized a wavelet transform and soft threshold as an initial
pre-processing step, before input into the autoencoder. The network was trained using
noise rhythms obtained from the MIT-BIH Noise Stress Test database and added to
recordings from the MIT-BIH Arrhythmia database at Signal-to-Noise-Ratio (SNR) levels
of 0 dB, 1.25 dB, 5 dB. This approach achieved SNR=22.83667 dB and Root Mean
Square Error (RMSE)=0.033333 on baseline wander noise corruption, a SNR= 22.1 dB
and RMSE= 0.034333 on electrode movement artifacts, and a SNR=22.19333 dB and
RMSE=0.033667 on muscle artifact.
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Deep Recurrent Neural Networks (DRNN) were utilized by Antczak110 for ECG signal
denoising. An LSTM-based RNN with a 4-layer architecture was initially trained on
simulated ECG data and then fine-tuned with real patient data to assess the network’s
ability for transfer learning. The network performance was better when simulated data
was first used to pre-train the network weights, versus training on real patient data alone.
Performance of the network was compared against a band-pass filter with a range of
0.05-150 Hz, and an UndecimatedWavelet Transform (UWT) with a Daubechies D6 mother
wavelet. The testing data set contained 5,000 real samples with a SNR from -20 dB to 0 dB.
The simple bandpass filter outperformed the UWT and DRNN when there was relatively
little noise > −3 dB, while the UWT produced the best results in the -3 dB to -7 dB
ranges. The DRNN outperformed the UWT and band-pass filter for noise levels < −7 dB,
with a demonstrated stability across noise levels ranging from -9 dB to 0 dB.

More recently, Generative Adversarial Networks (GANs) have been developed for ECG
signal denoising.111 GANs consist of generator and discriminator sub-networks,123 where
the generator filters the incoming signal and the discriminator is trained to determine if
the signal is indistinguishable from the ground truth noise-free signal. Once training is
complete, the generator is used to filter the signal to remove noise and the discriminator
is discarded. The GAN network performance was assessed utilizing the Massachusetts
Institute of Technology and Beth Israel Hospital (MIT-BIH) Noise Stress database, where
it produced improved Root Mean Square Error (RMSE) and Signal-to-Noise Ratio (SNR)
metrics at 5 dB levels as compared to the previous state-of-the-art I-DAE.111

2.3.3 Myocardial Infarction Detection and Prediction

Myocardial Infarction (MI), or most commonly referred to as a heart attack, occurs
when the blood flow stops or is limited to an area of the heart. In the US, one million
myocardial infarctions occur annually, resulting in 300,000 to 400,000 deaths per year.124

Han et al.112 utilized a residual network with three residual blocks that each contained
convolutional layers, to detect MI in 12-lead ECG signals. This research utilized the PTB
(Physikalisch-Technische Bundesanstalt) database with 12-lead ECG recordings captured
at a sampling frequency of 1kHz with 16-bit resolution, over a range of ±16.384 mV, for
13 patients with MI and 52 healthy control patients. Each ECG signal was segmented into
four second intervals and processed independently by the residual blocks and then fused
together with the features of the other leads into a flattened, fully connected layer. These
fused features were then subsequently processed through softmax to the output layer with
two classification nodes. This network topology produced a reported accuracy of 95.49%,
sensitivity of 94.85%, and specificity of 97.37% on the task of MI detection.
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In 2022, Gustafsson et al.113 assembled a dataset of 492,226 ECG recordings from
214,250 patients gathered in the emergency rooms of Sweden between 2007 and 2016.
A ResNet (CNN with skip connections between the layers) was utilized to train a deep
network to predict MI in patients. The classification was split into ST-elevation myocardial
infarction (STEMI) and non-ST-elevation myocardial infarction (NSTEMI). The ResNet
was trained utilizing ECG waveforms and the patient’s age and sex as inputs. The network
demonstrated a C-statistic of 0.991 and Brier score of 0.001 on STEMIs, and a C-statistic
of 0.832 and Brier score of 0.008 on NSTEMIs.

2.3.4 Other Prediction Models

Innovative applications of deep learning models utilizing ECG signals have been developed
for age and gender estimation,125 emotion detection,126,127 and biometrics.128,129 Kanjo
et al.126 utilized multimodal data from the EnvBodySens dataset containing recordings
from 40 subjects, composed of on-body raw sensor measurements for galvanic skin
response (GSR), body temperature, accelerometer/gyroscope, and derived heart rate,
environmental data such as noise levels, UV, air pressure, and location information, along
with self-reported emotion levels using the five step Self-Assessment-Manikan (SAM) scale
for valence. A CNN-LSTM architecture was utilized, which was able to achieve a 94.7%
accuracy, 0.927 precision score, and 0.95 recall on emotion classification. In Attia et al.,125

CNNs were trained using 10 second samples from 12-lead ECG signals for 499,727 patients
and tested on data from 275,056 patients to predict age and gender. The model achieved
a 90.4% classification accuracy for gender determination with an AUROC of 0.97, and age
was estimated as a continuous variable with an average error of 6.9± 5.6 years (R2 = 0.7).
An interesting observation to note, was that in patients where the predicted error > 7
years from the chronological age there was a higher correlation to low ejection fraction,
hypertension, and coronary disease (P < 0.01).

A deep autoencoder architecture was used by Eduardo et al.128 to process 12-lead
ECG data sampled at 500 Hz with 16-bit resolution for biometric security identification.
Data was collected from 709 different subjects and manually labelled by a domain expert.
Signal pre-processing of the ECG signals included a 150th order Finite Impulse Response
(FIR) filter with a frequency range of 5 to 20 Hz and then heartbeats extracted from a
fixed-length window of -200 to 400 ms surrounding the R-peak. The deep autoencoder
demonstrated a 0.91% identification error on 330 test subjects. Most recently, Agrawal et
al.129 compared the performance of a CNN network to an LSTM network for biometric
security identification based on 12-lead ECG. They utilized the ECG-ID Database from
Physikalisch-Technische Bundesanstalt (PTB) containing 310 ECG recordings from 90
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subjects. The LSTM architecture outperformed the CNN for patient identification with a
99.69% accuracy versus 98.34%, respectively .

2.4 Summary and Analysis

Machine learning models utilizing derived vital metrics and clinical features as inputs
have demonstrated improved predictive accuracy for patient deterioration and adverse
clinical event detection as compared to standard early warning scores. However, many
limitations have been noted with developing machine learning models from static, derived
vital metrics extracted from EHR data. Missing or incomplete data is a consistent issue in
EHR information systems, where gaps in data quality and quantity can arise from clinician
confirmation bias and non-uniform sampling intervals.130 Vital signs are manually taken
at intervals from 2.0-5.412 readings/day depending on the ward and institutional policies
regarding measurement intervals, which can also lead to undersampling and cause brief
transient events to not be reflected in captured vital measurements. A smoothing effect
phenomenon has also been noted in acute clinical wards where the care team internally
average measurements before recording them manually to compensate for artifacts and poor
signal quality.131 In a study conducted on 212 patients across surgical and medical units,
manually charted oxygen saturation values were on average 6.5% (95% CI, 4.0%-9.0%)
higher than those recorded by the automated system.131

It has also been demonstrated in the critical care unit at the Hospital for Sick Kids
in Toronto132 that the window used for sampling of vital metrics can significantly impact
the variability across core vital measurements. In this study, the variability of systolic
blood pressure, heart rate, and oxygen saturation measurements increased as the sampling
window was increased from intervals of 10 seconds to 4 hours, which could mask the
inherent variability in these metrics caused by the influence of the sympathetic and
parasympathetic systems and could deride important pre-cursors of patient deterioration.
Similar observations were noted by Tomlinson et al.133 where the Limit of Agreement
(LoA) between continuous data and manual observations was -0.57 (-5.63 to 4.48) breaths
per minute for respiratory rate, -0.71 (-10.2 to 8.73) beats per minute for heart rate,
and -0.07% (-2.67% to 2.54%) for SpO2. Vital metrics also do not reflect the quality of
the inherent physiological signal present when the manual measurements were collected.
By integrating data quality indexes with heart rate into a logistic regression model for
predicting life-saving interventions (LSIs), the AUROC increased from 0.73 to 0.86.84

Model deployment and maintenance are also important to consider, with both internal
and external validity concerns for vital metric consistency due to concept drift and shift
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across clinical institutions.130

Deep learning holds significant promise for analyzing continuous physiological signals
and predicting the onset of adverse clinical events. Preliminary research in deep learning
has just begun for biomedical signal analysis and has been predominately limited to
processing individual biometric channels and signal modalities. The goal of this dissertation
is to design, implement, and test a novel deep learning framework that supports the
processing of continuous, multimodal biometric signals in near real-time for the detection
and prediction of adverse clinical events. Important considerations that have been
addressed in the proposed framework include integrated biometric signal de-noising for
ambulatory collection, support for multiple signal sensor formats (e.g., electrocardiograms,
photoplethysmograms, respiration, temperature, and arterial blood pressure), and collation
of multiple synchronized channels. The framework is flexible and adaptive to support
application to a wide array of adverse clinical events, and offer detection of these events as
prediction into the future (given the current patient trajectory). It was also important that
the framework optimize the use of available data, given the lack of large, publicly available
labelled datasets in healthcare, primarily due to privacy and regulatory requirements.
Considerations have also been given to the imbalanced nature of clinical data, where there
is a chronic scarcity of data representing target adverse event conditions. Lastly, this
research honours important considerations regarding AI ethics and network interpretability
and transparency to facilitate regulatory approval processes and confidence from clinical
practitioners.
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Chapter 3

The Biometric Neural Network

A novel deep learning framework has been developed that supports the processing of
continuous, multimodal biometric signals in near real-time for the detection of patient
deterioration and prediction of adverse clinical events. The architecture of this framework
is separated into three primary processing stages, namely: 1) Signal pre-processing utilizing
a Generative Multiscale Wavelet Autoencoder for signal denoising (Ψ-GANDAE), 2) Signal
segmentation and feature extraction utilizing ResNet and BiLSTM architectures with
Attention (RBLAN), and 3) Regression or classification with a Siamese Neural Network
(SNN). This deep learning framework in its entirety will be referred to as the Biometric
Neural Network or BiometricNet. The high-level architecture of the BiometricNet for
the analysis of continuous, multimodal physiological signals is illustrated for reference in
Figure 8.

The signal pre-processing phase of the BiometricNet will first be discussed in section 3.2,
with details of the Ψ-GANDAE architecture provided along with experimentation results
demonstrating effective signal de-noising on ECG data using the PhysioNet MIT-BIH
Arrhythmia134 and PhysioNet MIT-BIH Stress Test Databases.135 The signal segmentation
and feature extraction capabilities of the RBLAN will be presented in section 3.3,
with results detailing experiments for continuous non-invasive blood pressure estimation
utilizing the PhysioNet Pulse Transit Time (PTT) PPG Dataset.136 Finally, in section
3.3 the SNN will be explained and holistic performance of the BiometricNet will be
demonstrated on MI prediction using the PTB Diagnostic ECG Database137 (PTB).
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Figure 8: Deep Learning Architecture for the BiometricNet

3.1 Thesis Contributions

The key contribution of this dissertation is a novel deep learning framework to support
the processing of continuous, multimodal biometric signals for the detection of patient
deterioration and prediction of adverse clinical events. Development of the BiometricNet
follows a system design perspective, with inherent signal pre-processing and feature
extraction phases undertaken in relation to resultant regression and classification outcomes.
Highlights of the original contributions of this research that have been integrated into the
processing framework of the BiometricNet include the following:

• A novel Generative Multiscale Wavelet Autoencoder for physiological signal denoising
(Ψ-GANDAE).

• A hybrid signal segmentation and feature extraction architecture for multimodal
signals utilizing ResNet and BiLSTM architectures with Attention (RBLAN).
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• An innovative application of a Siamese Neural Network (SNN) architecture for
predicting patient deterioration and adverse clinical events from tandem baseline
and sample physiological signal segments.

3.2 Phase 1: Signal Pre-Processing

3.2.1 Prologue

The content of this chapter was informed by background research developed in a conference
paper published during the Ph.D. research:

S. Ross-Howe and H.R. Tizhoosh. The effects of image pre- and post-processing, wavelet
decomposition, and local binary patterns on u-nets for skin lesion segmentation. In IEEE
Conference on Computational Intelligence (WCCI 2018), July 8-13 2018.

3.2.2 Method

The initial processing stage of the BiometricNet is intended to remove common noise
patterns from the signal to facilitate downstream feature extraction. Physiological signals
are susceptible to many different sources of noise, particularly during ambulatory collection.
A novel Generative Multiscale Wavelet De-noising Autoencoder (Ψ-GANDAE) architecture
is proposed as a solution to improve signal de-noising performance for physiological signals.
This Ψ-GANDAE is composed of encoder and decoder stages (Figure 11), consistent with
de-noising autoencoders, and multiscale decomposition of the ECG signal. The network
leverages the signal decomposition capabilities of wavelets, and benefits from elements of
ResNet skip connections and Convolutional Networks embedded in U-Net contractile and
expansive layers for feature extraction.

The architecture of the Ψ-GANDAE network is structured as a de-noising autoencoder,
composed of encoder and decoder stages. The input is the corrupted input signal as
represented by x̃ ∈ R, which is mapped to h ∈ R through function h = f(x̃) as the hidden
layers of the encoder. The decoder layers then generate the reconstruction of the signal
called z ∈ R through the function z = g(h). With the goal of minimizing the mean squared
reconstruction error of:

1

N

N−1∑
n=0

[x(n)− z(n)]2, (3.1)
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Where x(n) is the baseline signal (with all noise removed).

The ECG signal is segmented into a pre-determined length with a sliding sample window
as input into the Ψ-GANDAE network. This input signal is then further segmented
into four equally sized sample windows, with each sub-sample being processed by an
independent instance of the encoder network. The intuition for this multiscale processing of
the signal is that the longer segment provides information on the sequential cardiac rhythm
for the network, while the nested sub-networks process information on independent beat
morphology. All extracted features for the high and lower resolution processing of the
signal are concatenated together before the final encoding layer.

The wavelet transform is a signal processing and image transformation approach
that has been successfully applied to compression138,139 and de-noising problems.121,140

The wavelet transform is a time-frequency method where the optimal frequency band is
adaptively determined to provide the best time-frequency localization. In the continuous
wavelet transform ψ is a continuous function in both the time and frequency domain, often
referred to as the mother wavelet. For a specific scale a and translation b the continuous
wavelet function is represented as:141

Twavf(a, b) = |a|−
1
2

∫
dtf(t)ψ

(
t− b

a

)
. (3.2)

The wavelet transform is a method of signal representation on a scale-time space, where
each band or scale can be thought of as a result of a band-pass filter. The effects of applying
the wavelet transform iteratively is to construct a multiresolution representation of the
signal. When applied to physiological signals, in each subsequent layer of representation
the detail residuals are stored along with the approximation.

In the Discrete Wavelet Transform (DWT), the inner product of the signal is taken
with the wavelet function ψ:141

ψψx (m, a
j) =

N−1∑
n=0

x[n]ψ∗
j [n−m], (3.3)

ψj[m] =
1√
aj
ψ
(m
aj

)
(3.4)

A scalagram can be utilized to visualize the effect of the wavelet transform, with the
sequential spectrum information visually encoded into progressive columns represented
against a colormap. The scalagram captures the magnitude of the spectrum plotted against
time and frequency:141

|ψψx (m, aj)|2 (3.5)
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The DWT is an ideal method for extracting both time and frequency information from
ECG signals as it performs well at localizing transients in non-stationary signals. This is
demonstrated in Figure 9 where the QRS complex is clearly identified in the scalogram of
the ECG segment (yellow shaded region), but also more detailed morphology is identified
such as the P and T waves as illustrated by the shaded clusters in the 2-6 Hz frequency
range. It is also particularly beneficial for AFIB detection to be able to capture the presence
or absence of the P wave as a defining characteristic of this cardiac arrhythmia.

Figure 9: Scalogram of ECG Segment

In the Ψ-GANDAE, a dyadic grid is employed where the ECG signal is processed by a
half-band high and low pass filter at each scale (low pass filter ψLf1, 1

2
N and high pass filter

ψHf 1
2
N,N

142). At each decomposition level, the high pass filter will represent the detail
in the signal and the low pass filter the approximation of the signal. The wavelet packet
analysis will be used as both the detail and approximation of the signal are split. See
Figure 10 for a representative wavelet decomposition tree for a five second ECG segment,
with a Daubechies 10 wavelet to 4 levels of scale. In the final implementation of the
Ψ-GANDAE, a Daubechies 6 (db6) mother wavelet is utilized with a decomposition to 5
scales. The db6 wavelet was selected as it is asymmetric with a shape well-suited to the
QRS complex in ECG signals. The effectiveness of the db6 for de-noising ECG signals has
also been clearly demonstrated in predicate research,143 as well as during experimentation
with the Ψ-GANDAE.
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Figure 10: Wavelet Packet Decomposition Tree for ECG Signal

In the Ψ-GANDAE network, the wavelet transform is inherently integrated into the
architecture by applying a high and low pass filter in tandem with each layer. The high
and low pass content are then channel-wise concatenated to the output of the convolutional
layer and it becomes a residual input to the decoder layer. The insight for this structure is
that the network layers will then decompose the signal into time-frequency localized content
bands to provide more distinction of frequency contributions and isolate common noise
channels. The concept of the wavelet convolutional neural network was first introduced in
2018 by Fujieda et al.144 as a method for extracting both spatial and spectral components
from images. This network utilized high and low pass filters on each convolutional
level to provide an inherent multiresolution decomposition. The wavelet convolutional
neural network architecture demonstrated superior performance over pre-trained AlexNet
and T-CNN models as applied to the kth-tips2-b and DTD texture databases with a
classification accuracy of 74 ± 1.2% and 59.8 ± 0.9%, respectively. Wavelet preprocessing
of dermoscopy images was also demonstrated to improve the performance of U-Nets when
used for lesion segmentation.145

Deep residual networks (ResNets) were introduced by the Microsoft Research Group146

as part of the ImageNet and COCO competitions in 2015, where they garnered first place in
the categories of ImageNet detection, ImageNet localization, COCO detection, and COCO
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segmentation. These ResNets were deeper than previous networks with up to 152 layers
and offered a solution to the degradation problem that occurs in deep network structures,
where a saturation and then rapid decrease in accuracy manifests during training. These
degradations are not due to overfitting in the model, but rather are attributed to vanishing
gradients. To address degradation problems in deep networks, ResNets utilize shortcuts
where outputs from previous layers skip one or more stacked layers and bring content
directly to deeper layers.

A special convolution-deconvolution architecture, referred to as U-Nets, was introduced
as part of the ISBI cell tracking challenge in 2015.147 These U-Nets address special
challenges with medical image segmentation, such as limited numbers of labelled training
and testing cases, and the importance of precision in boundary definition. The U-Net
architecture contains a contracting path where image features are extracted and a
subsequent expanding path that supports localization of the segmentation borders. The
U-Nets were demonstrated as successful segmentation methods against a number of
biomedical tasks, including segmentation of neuronal structures in electron microscope
stacks, and cell segmentation in light microscopic images.

The Ψ-GANDAE architecture draws from key elements of both the U-Net and ResNet
structures (but does not utilize the pre-trained U-Net model). Successive convolutional
layers with skip connections and downsampling will be used through the decoder to
produce a condensed feature vector. A stride of 2 on the 1-D convolutions was utilized
to downsample the signal instead of a more common pooling approach, as it has been
shown to be preferential for stability in GANs.148 The decoder layer then utilizes
transpose convolutional layers with upsampling to reconstruct the input signal without
associated noise. Residual connections from the inputs to the output layers leverage on
the observations that networks can be deeper and easier to train if the connections from the
input to the output layers are shorter. A kernal size of 51 was used for the convolutional
layers with a Parameterized ReLU (PReLU) activation function,111 where a is an adaptive
slope for x < 0, which helps to eliminate the “dying ReLU” issue when output is limited
in the negative axis:

PReLU(x) =

{
ax for x < 0

x for x ≥ 0
(3.6)

Generative Adversarial Networks have been demonstrated as a new state-of-the-art in
many fields, including ECG signal de-noising.111 The Ψ-GANDAE leverages a generator
and discriminator architecture to advance model training and augment a traditional Mean
Absolute Error (MAE) loss function. The GAN scaffolding is utilized during model
training and the discriminator is discarded once complete. A byproduct of the process
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is a discriminator that can evaluate an ECG segment and provide a determination if it has
been sufficiently processed and noise removed. The generator loss function minimizes the
mean absolute error between the reconstructed ECG signal x̂(n) and the ground truth ECG
segment x(n), in combination with minimizing the Discriminator’s success for determining
output produced by the Generator using a Least Squares Generative Adversarial Networks
(LSGANs) loss.111,149 The LSGAN improves upon a Sigmoid Cross Entropy loss function
by addressing vanishing gradients that can occur once a GAN output is on the correct side
of a threshold, but requires further optimization:

G
minVLSGAN(G) =

1

2
Ez∼pz(z)

[
(D(G(z))− 1)2

]
+ λ ∗ ||G(z)− x|| (3.7)

Where x represents the samples of ground truth signal, taken from a set px(x) of training
data. And z sampled from a distribution of the noisy signal pz(z). A value of λ = 100 was
utilized based on predicate research to balance the influence of MAE in the LSGAN.111

The Discriminator utilizes the loss generated by the evaluation of the real and fake
output for a representative LSGAN loss:111

D
minVLSGAN(D) =

1

2
Ex,p(x)

[
(D(x)− 1)2

]
+
1

2
Ez∼pz(z)

[
(D(G(z)))2

] (3.8)
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Figure 11: Generator Architecture of the Generative Multiscale Wavelet De-noising
Autoencoder (Ψ-GANDAE)

.
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Figure 12: Discriminator Architecture of the Generative Multiscale Wavelet De-noising
Autoencoder (Ψ-GANDAE)
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3.2.3 Generative Multiscale Wavelet De-Noising Autoencoder
for Electrocardiography Signal De-noising

3.2.3.1 Data

The PhysioNet MIT-BIH Arrhythmia Database contains 48 patient recordings of 30-minute
duration captured using ECG ambulatory recorders at Boston’s Beth Israel Hospital (now
the Beth Israel Deaconess Medical Center).134 Each recording contains two channels
representing a modified limb lead II and modified lead V1 configuration and are measured
at a sampling frequency of 360 Hz with 11-bit resolution over a range of ±10 millivolts.
Two or more cardiologists independently annotated each of the recordings to identify 15
different ECG rhythms including: Atrial fibrillation, atrial flutter, normal sinus rhythm,
and ventricular tachycardia.

The PhysioNet MIT-BIH Stress Test Database135 contains 12 half-hour ECG recordings
and 3 half-hour baseline noise recordings that represent predominant baseline wander
(BW)(often caused by respiratory activity at 0-0.5 Hz), electrode motion artifact (EM)(∼
1Hz), and EMG muscle artifact (MA)(resulting in 100-500 ms long distortions up to 10
kHz) for ECG signals.110 While these profiles all represent examples of additive noise, a
deep learning strategy would also support de-noising of multiplicative noise profiles. An
included script (nstdbgen) was used to generate noise at specified dB levels and added
to the MIT-BIH Arrhythmia database134 recordings. Noise was added after the first five
minutes and then for two minutes, alternating with the original signal. The SNR during
the noisy segments was set to 0 dB, 1.25 dB, and 5 dB.

To generate the training and testing data set, a 1024 sample (2.84 s) sliding,
non-overlapping window was selected from the ECG signals. This segment duration
was selected as a base of 2 to support wavelet decomposition and because the adult
heart rate range is 30 bpm–200 bpm, resulting in a segment with 1-9 heartbeats. Lead
II ECG channels were utilized exclusively for all patients, as this lead configuration
is widely available in three-lead wearable ECG monitors. Ten patients were selected
from the MIT-BIH Arrhythmia database134 as identified in predicate research with
representative arrhythmia rhythms, and then removed one at a time from the training set
for leave-one-patient-out cross-validation (LOOCV). To match testing done by predicate
research, k-fold cross validation was also conducted with an 80% training and 20% testing
split for 5 different folds. For the LOOCV set 51,354 ECG segments were in the training
set (40.58 hours) and 5,706 in the testing set (4.51 hours). Each fold contained 53,493
segments in the training set (42.27 hours) and 3,567 in the testing set (2.82 hours).
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3.2.3.2 Results

The Ψ-GANDAE network was trained on NVIDIA GeForce GPUs for matrix acceleration.
TensorFlow150 and Keras151 were utilized to construct the network and facilitate the
training and testing process, PyWavelets152 was used for wavelet decomposition, and
Python153 provided the framework for all workflow and implementation activities. A batch
size of 32 was utilized to balance training time and network performance, and the networks
were trained and evaluated over 300 epochs. A constant learning rate of 0.0001 was used
with Root Mean Squared Propagation (RMSProp) for optimization.

Hyperparameters

Optimizer: Root Mean Squared Propagation (RMSprop)
Learning Rate: 0.0001
Epochs: 300
Batch Size: 32
Generator Loss Function: VLSGAN(G) (See Equation 3.7)
Discriminator Loss Function: VLSGAN(D) (See Equation 3.8)

The performance metrics used to evaluate the network were the Root Mean Square
Error (RMSE):

RMSE =

√√√√ 1

N

N−1∑
i=0

(x̂i − xi)2, (3.9)

and Signal-to-Noise-Ratio (SNR):

SNR = 10 log

∑N−1
i=0 (xi)

2∑N−1
i=0 (x̂i − xi)2

. (3.10)

The performance of the Ψ-GANDAE will be compared to predicate research, which
include the S-Transform (ST),154 an improved Wavelet Transform (WT),155 an Improved
Stacked Contractive De-Noising Autoencoder (I-DAE),109 and most recently a de-noising
GAN.111 This predicate research presents model performance based on SNR and RMSE
for ten pre-selected patients from the MIT-BIH Arrhythmia database134 with defined noise
signals from the MIT-BIH Stress Test Database.135 All methods report results utilizing
a k-fold cross validation approach. To compare the performance of the baseline GAN
(BGAN) to the Ψ-GANDAE, this model was implemented as outlined by Singh et al.111
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and validated against the same training and testing data sets, using both k-fold and
leave-one-out cross validation.

The testing results for the Ψ-GANDAE are presented in Appendix B, Table B.1,
Table B.2, and Table B.3 for the k-fold cross-validation experiments. The performance
metrics evaluated include both SNR and RMSE, and results are provided against the
associated noise level of 0 dB, 1.25 dB, and 5 dB for each of the common ECG noise patterns
(i.e., baseline wander, motion artifact, and electrode motion). The results presented for
the ST, WT, and I-DAE represent performance as published in associated research by
the original authors, and the BGAN and Ψ-GANDAE are constructed from experiments
conducted with five randomly generated folds. The results in the tables for BGAN and
Ψ-GANDAE represent the average of five folds. The columns in the table represent one of
ten individual patients that were utilized in predicate research to evaluate performance, as
these patients are representative of different cardiac arrythmias (i.e., patient records 103,
105, etc.).

The performance of the BGAN and Ψ-GANDAE were also evaluated utilizing a
leave-one-out cross-validation approach. The other predicate methods (i.e., ST, WT,
I-DAE) did not have published results indicating performance using a LOOCV approach,
therefore performance results presented are limited to the BGAN and Ψ-GANDAE models.
Results for the LOOCV experiments are detailed in Table 3.1, Table 3.2, and Table 3.3,
for motion artifact, electrode motion, and baseline wander, respectively. For each of the
LOOCV trials, one of the ten identified patients was sequentially removed from the training
set and utilized as the testing set. Results presented are the performance of the model for
each of the LOOCV trials on an individual patient. Performance metrics evaluated include
SNR, RMSE, and an average for each metric, at each noise level.

3.2.3.3 Analysis

The results in Appendix B, Table B.1, Table B.2, and Table B.3 demonstrate the
performance of the Ψ-GANDAE on k-fold cross validation as compared to predicate
research, including performance of the state-of-the-art baseline GAN (BGAN). The
Ψ-GANDAE produced an average across all noise levels of SNR=21.86 dB and
RMSE=0.053 for BW, SNR=21.07 dB and RMSE=0.060 for EM, and SNR=21.27 dB and
RMSE=0.062 for MA, with an overall performance of SNR=21.40 dB and RMSE=0.058
for all noise profiles. The results for the Ψ-GANDAE were consistent for BW, EM, and MA
across all noise levels, which is ideal for a signal pre-processing stage for the BiometricNet.
This compares with the overall performance metrics of the predicate approaches with
BGAN demonstrating SNR=27.65 dB and RMSE=0.027, I-DAE with SNR=22.38 dB
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Table 3.1: Results of Leave-One-Out Cross-Validation for Ψ-GANDAE on Muscle Artifact

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 2.04 -1.77 4.13 7.79 5.49 1.28 0.77 6.39 7.03 0.05 3.32
RMSE 0.346 0.540 0.197 0.499 0.507 0.326 0.653 0.397 0.310 0.421 0.420

BGAN 1.25 dB SNR 2.21 -1.75 4.23 7.86 5.50 1.31 0.82 6.45 7.14 0.17 3.39
RMSE 0.339 0.539 0.195 0.496 0.507 0.325 0.649 0.395 0.306 0.416 0.417

5 dB SNR 2.67 -1.74 4.46 7.99 5.51 1.39 0.92 6.57 7.38 0.39 3.55
RMSE 0.321 0.539 0.190 0.490 0.507 0.322 0.641 0.390 0.298 0.408 0.411

0 dB SNR 7.71 4.87 -0.04 6.46 5.05 3.49 4.34 6.07 8.50 -0.10 4.64
RMSE 0.180 0.274 0.307 0.584 0.521 0.265 0.435 0.418 0.268 0.420 0.367

GANDAE SNR 1.25 dB 7.89 4.90 0.04 6.60 5.11 3.62 4.45 6.17 8.65 0.00 4.74
RMSE 0.175 0.273 0.304 0.575 0.518 0.262 0.429 0.414 0.263 0.416 0.363

5 dB SNR 8.40 4.98 0.19 6.88 5.15 3.72 4.61 6.39 8.96 0.17 4.94
RMSE 0.165 0.272 0.300 0.559 0.515 0.258 0.422 0.404 0.254 0.409 0.356

Table 3.2: Results of Leave-One-Out Cross-Validation for Ψ-GANDAE on Electrode Motion Artifact

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 1.47 -1.50 3.56 7.49 5.04 0.82 0.56 5.92 6.65 -0.27 2.97
RMSE 0.371 0.525 0.209 0.515 0.532 0.342 0.669 0.417 0.325 0.432 0.434

BGAN 1.25 dB SNR 1.55 -1.51 3.65 7.58 5.06 0.83 0.62 6.00 6.76 -0.13 3.04
RMSE 0.366 0.526 0.207 0.510 0.530 0.341 0.665 0.413 0.321 0.425 0.430

5 dB SNR 1.78 -1.58 3.95 7.81 5.14 0.88 0.77 6.17 7.04 0.14 3.21
RMSE 0.356 0.530 0.199 0.499 0.526 0.338 0.653 0.405 0.310 0.413 0.423

0 dB SNR 6.14 4.35 -2.09 6.20 4.61 2.73 3.99 5.49 7.80 -0.65 3.86
RMSE 0.224 0.287 0.383 0.600 0.551 0.290 0.455 0.447 0.294 0.442 0.397

GANDAE 1.25 dB SNR 6.26 4.45 -2.07 6.26 4.70 2.78 4.07 5.58 7.96 -0.55 3.94
RMSE 0.220 0.284 0.382 0.596 0.544 0.289 0.451 0.442 0.288 0.437 0.393

5 dB SNR 6.50 4.77 -2.07 6.49 4.92 2.74 4.33 5.81 8.26 -0.29 4.15
RMSE 0.214 0.276 0.381 0.581 0.530 0.291 0.436 0.430 0.276 0.425 0.384

and RMSE=0.034, and SNR=17.23 dB and RMSE=0.125 for the WT. The Ψ-GANDAE
demonstrated diminished performance as compared to the BGAN for BW, EM, MA at
0 dB, 1.25 dB, and 5 dB levels. The Ψ-GANDAE also showed a reduced overall average
SNR differential of 0.98 dB and increased RMSE of 0.025 as compared to the I-DAE.
However, when results are reviewed on an individual patient basis, the Ψ-GANDAE showed
comparable alignment with the I-DAE for SNR, with improved performance over the I-DAE
for 57% of the patients for BW, 50% of the patients for EM, and 57% of the patients for
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Table 3.3: Results of Leave-One-Out Cross-Validation for Ψ-GANDAE on Baseline Wander

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 2.74 -1.69 4.74 8.08 5.47 1.53 1.03 6.63 7.59 0.27 3.64
RMSE 0.319 0.537 0.183 0.487 0.509 0.316 0.634 0.388 0.291 0.416 0.408

BGAN 1.25 dB SNR 2.89 -1.69 4.80 8.06 5.47 1.57 1.05 6.65 7.64 0.36 3.68
RMSE 0.314 0.537 0.182 0.488 0.508 0.315 0.633 0.387 0.289 0.413 0.407

5 dB SNR 3.25 -1.67 4.92 8.00 5.46 1.63 1.09 6.70 7.76 0.49 3.76
RMSE 0.302 0.537 0.181 0.492 0.509 0.313 0.630 0.385 0.285 0.409 0.404

0 dB SNR 8.48 4.89 0.12 7.03 5.20 3.75 4.65 6.51 9.15 0.14 4.99
RMSE 0.163 0.275 0.304 0.552 0.512 0.256 0.420 0.398 0.248 0.411 0.354

GANDAE 1.25 dB SNR 8.68 4.99 0.10 7.10 5.20 3.81 4.70 6.55 9.24 0.19 5.06
RMSE 0.160 0.272 0.305 0.548 0.512 0.255 0.417 0.397 0.246 0.409 0.352

5 dB SNR 9.04 5.13 -0.09 7.28 5.20 4.09 4.83 6.63 9.39 0.37 5.19
RMSE 0.154 0.269 0.311 0.541 0.511 0.248 0.411 0.394 0.241 0.403 0.348

MA. The Ψ-GANDAE demonstrated better performance overall than the WT with an
increased SNR of 4.17 dB and reduction of RMSE by 0.067, illustrating the benefit of
hybrid deep learning methodologies that are integrated with traditional signal processing
techniques such as the wavelet transform. It was also observed that the Ψ-GANDAE was
removing inherent noise from the original MIT-BIH Arrhythmia database,134 which would
have penalized the SNR and RMSE values, but ultimately reflects positively on the abilities
for signal pre-processing.

While the performance of the Baseline GAN surpassed the Ψ-GANDAE during k-fold
cross-validation experiments, it is important to look at the performance for the methods
on unseen cases to understand how results will generalize for a larger patient cohort.
The results in Table 3.1, Table 3.2, and Table 3.3, present the performance of the
BGAN and Ψ-GANDAE when evaluated utilizing a LOOCV approach. The overall
average performance metrics demonstrated for the Ψ-GANDAE were SNR=4.61 dB
and RMSE=0.368, and for the BGAN were SNR=3.40 dB and RMSE=0.417. It is
demonstrated that the Ψ-GANDAE performance surpassed the BGAN for BW, EM, and
MA, across all noise levels. The Ψ-GANDAE demonstrated the best performance for BW
with average of all noise levels at SNR=5.08 dB and RMSE=0.351, followed by MA at
SNR=4.77 dB and RMSE=0.362, and lastly EM at SNR=3.98 dB and RMSE=0.392.
Performance was again consistent for the Ψ-GANDAE across all dB levels for each of the
evaluated noise profiles.

The Ψ-GANDAE will be performing signal pre-processing to prepare for successful
signal segmentation and feature extraction in the second phase of processing for the
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BiometricNet. It is the intention of this research to utilize the BiometricNet to detect
and predict a wide range of adverse clinical events from data collected by clinical wearable
devices. Thus, it is important that the Ψ-GANDAE can generalize for unseen patients that
are not in the training set, and that it produce reliable and consistent signal reconstruction.
The Ψ-GANDAE has demonstrated improved performance for ECG signal de-noising for
baseline wander, electrode motion artifact, and motion artifact at 0 dB, 1.25 dB, and 5 dB
noise levels on unseen cases as compared to the baseline GAN. It also demonstrates high
levels of signal de-noising performance when it can benefit from samples of the patient’s
ECG data. While the BGAN provided better performance when trained on a specific
patient’s data, this is not a realistic requirement for use given regulations for machine
learning software as a medical device. ECG is a very diverse physiological signal that
is unique for every individual’s physiology and can be influenced by transient cardiac
arrhythmias. It would require a large training dataset to sufficiently train the BGAN for
suitable generalized performance, which is a challenge in healthcare given the scarcity of
publicly available data and cost of large scale clinical trials. Therefore, the Ψ-GANDAE
is a more suitable pre-processing model than the BGAN, given the demonstrated ability
to provide essential performance on unseen cases.

In Figure 13, a number of samples of the ground truth ECG signal, along with
reconstructed signal, from the Ψ-GANDAE are illustrated. These samples demonstrate
the associated ECG tracings of the noisy signal with electrode motion, baseline wander,
and motion artifact injected at 5 dB noise levels. These results were obtained from the
Ψ-GANDAE trained through a k-fold cross validation approach. As a qualitative analysis,
it is demonstrated that the reconstructed signal has an almost identical alignment with
the ground truth signal. In Figure 14, samples of EM, BW, and MA at 5 dB noise levels
are again presented, but in this case the Ψ-GANDAE was trained utilizing a LOOCV
approach. On visual inspection, it can be seen that the Ψ-GANDAE has still captured
the intrinsic attributes of the QRS complex and beat-to-beat rhythm, while removing the
muscle artifact, electrode motion, and correcting for baseline wander.
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(a) Patient 103 with Electrode Motion
Artifact at 5 dB

(b) Patient 103 with Baseline Wander
Artifact at 5 dB

(c) Patient 223 with Motion Artifact at 5
dB

Figure 13: ECG Signals with Noise and Reconstructed Output from Generative Multiscale
Wavelet Denoising Autoencoder (Ψ-GANDAE) k-Fold Cross-Validation
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(a) Patient 103 with Electrode Motion
Artifact at 5 dB

(b) Patient 103 with Baseline Wander
Artifact at 5 dB

(c) Patient 223 with Motion Artifact at 5
dB

Figure 14: ECG Signals with Noise and Reconstructed Output from Generative Multiscale
Wavelet Denoising Autoencoder (Ψ-GANDAE) Leave-One-Out Cross Validation
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3.3 Phase 2: Feature Extraction and

Signal Segmentation

3.3.1 Prologue

The content of this chapter was based in part on a conference paper published during the
Ph.D. research:

S. Ross-Howe and H.R. Tizhoosh. Atrial fibrillation detection using deep features and
convolutional networks. In IEEE International Conference on Biomedical and Health
Informatics (BHI’19), May 19-22 2019.

3.3.2 Method

Biometric waveforms are non-stationary signals that contain frequency content that
changes over time. Important information regarding the biometric signal can thus be
represented in both the time and frequency domains. The proposed network for feature
extraction and signal segmentation in the BiometricNet will utilize ResNet layers for feature
extraction, bi-directional LSTM layers for sequence encoding, and attention to identify
regions of semantic importance for segmentation. The architecture of the proposed ResNet,
BiLSTM, and Attention Network (RBLAN) is depicted in Figure 15.

Convolutional Neural Networks (CNN) have been clearly demonstrated as an effective
architecture for extracting important features from common real-world images,34,36–38

specialized medical images,145,147 and biometric signals.103–105,156,157 In a CNN
architecture, a bank of convolutional filters is first applied to the input matrix to
produce multiple feature maps. These feature maps are then downsampled to further
reduce the dimensionality of the inputs, and the average pooling also helps to promote
generalization for unseen data. The convolution and average pooling steps are repeated
and hyperparameter tuning done to optimize network performance and determine optimal
topologies. Convolutional filters are able to extract both time and frequency features
and have been successfully applied for deep feature extraction for biometric signal
analysis.103–105,156,157 In Figure 16, the application of successive convolutional filters and
average pooling layers on an ECG segment is illustrated, resulting in an emphasis on
elements of the beat morphology. A ResNet is a special variant of a CNN with skip
connections into deeper layers of the network.146 The ResNet architecture mitigates the
vanishing gradient problem caused by repeated application of the activation functions and
allows for networks with an increased number of layers.
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Figure 15: Convolutional Neural Network - Bi-Directional Long Short Term Memory
Network with Attention Feature Extraction

Figure 16: Application of Convolutional Filter and Average Pooling on ECG Data Segment

The RBLAN contains a dedicated sub-network with a ResNet architecture to extract
temporal and frequency-based features from the pre-processed biometric signal. A 1-D
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convolutional filter bank is arranged in successive layers to extract features in increasing
levels of abstraction. A kernal size of 1x5 was determined empirically to be optimal
for extracting features from biometric signals, and the filter size increases from 16 and
doubles every layer to 512. Average pooling, or convolutional strides, were not included
in the RBLAN, rather the system generates an increasing number of features in each
layer that are then prioritized and reduced by attention layers and a dense output
layer. The features extracted by RBLAN include those from the time domain, frequency
domain, or the time-frequency domain. A ReLU activation function was utilized and bias
employed on each layer. The ResNet architecture utilizes skip connections between each
successive layer to improve system performance and to mitigate for vanishing gradients.
Batch Normalization is utilized on the output of each CNN layer to accelerate network
convergence and to support generalization on unseen cases.158 The feature output from
the ResNet is represented as ci:

ci = ReLU(ωix+ b) (3.11)

Where ωi are the weights, and b the bias.

ReLU(x) =

{
0 for x < 0

x for x ≥ 0
(3.12)

Recurrent neural network (RNN) architectures are well-suited to feature extraction
from sequential and temporally related data.31,33,128 RNNs utilize a recurrent portion of
the network as feedback loops that allow outputs from the previous step to be used as inputs
for the next processing unit. Long-Short Term Memory models (LSTM) are a specialized
version of the RNN, where each LSTM cell provides control to determine how many inputs
to use from a previous cell, how many to store within the cell, and how many to provide as
inputs to the next cell. LSTMs have been used successfully for natural language processing
(NLP) tasks,32 speech recognition,33 and biometric signal analysis.129

Given that physiological signals are represented by a time series with inherent sequential
dependencies, the RBLAN utilizes an LSTM sub-network to augment feature extraction
from the ResNet sub-network. Bi-directional LSTM (BiLSTM) layers process in a forward
and backward direction to determine temporal dependencies in either orientation. A
stacked BiLSTM architecture is used to make this a deep learning methodology and improve
the representation of the model. Each BiLSTM layer identifies features that can then be
utilized in subsequent layers to build a higher level of abstraction, which extends the
distance of dependencies that can be identified. The RBLAN uses three stacked BiLSTM
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layers with 128, 64, and 32 units in each layer, respectively, and tanh as an activation
function. The output of the network (ht) is 2x32 features derived from the forward and
backward processing of the BiLSTM.

Attention-based recurrent network architectures have been successfully applied to
speech recognition,159 machine translation,160 and physiological signal processing.161,162 An
attention network allows the output vector to be of a varying length and independent of the
length of the input vector. In speech recognition applications for instance, the attention
mechanism identifies the varying length phonemes that are contained within independent
words. In the RBLAN model, attention networks can be utilized to identify regions of
interest within a physiological signal, where outputs from feature extraction by the ResNet
and BiLSTM sub-networks are subsequently passed through attention layers. This step
aids in feature reduction within the biometric signal frame, but also across multimodal
biometric channels. An attention-based approach integrates network interpretability into
the BiometricNet and ultimately aids in supporting regulatory approval processes and
clinical confidence in the network results. In the RBLAN, input samples x ∈ R, are
mapped to a feature vector by the encoder portion of these models, h ∈ R in the BiLSTM
sub-network, and c ∈ R in the ResNet sub-network. The attention layer then produces an
attention score by applying a dense layer with a tanh activation function on the feature
output of the ResNet or BiLSTM:

si = tanh(ωci + b) (3.13)

The output from the attention layer are passed through a softmax layer resulting in
output probabilities:

αi =
exp(si)∑N
i=1 exp(si)

(3.14)

The glimpse vector is the application of attention on the input features, represented as:

gj =
N∑
i=1

αihj. (3.15)

In this representation of the glimpse vector a deterministic soft attention mechanism has
been employed. A deterministic hard attention was also investigated where:159

p(ti = 1|tk<i, h) = αi, (3.16)

ĝj =
N∑
i=1

tihj. (3.17)
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It was hypothesized that the hard attention mechanism would have the benefit of cropping
beat regions from the signal to be passed into the feature extraction layer as a signal
segmentation pathway. However, in experimentation it inhibited model convergence and
the soft attention mechanism provided superior performance for the RBLAN.

Attention-based networks have been utilized to detect ECG abnormalities161 and
atrial fibrillation.162 In one such application, called the ECGNET,162 a deep recurrent
convolutional neural network (DRCNN) initially processes five second segments of the
ECG signal and then translates this information into a wavelet power spectrum. A separate
attention network is used to independently identify regions of interest in the ECG. The
output of the attention and DRCNN are averaged together and then passed through a
softmax layer to produce output probabilities for atrial fibrillation. This network achieved
an impressive accuracy of 99.40%, sensitivity of 99.53%, and specificity of 99.26% on the
detection of atrial fibrillation on the MIT-BIH Atrial Fibrillation database.

Hybrid models utilizing CNN, LSTM, and attentions layers have been increasingly
utilized in recent signal processing research to capture both time and frequency features in
waveforms, with attention reducing the feature space. Liu et al.163 utilized a CNN-LSTM
with attention to de-noise accelerometer and gyroscope signals from an IMU. This model
utilized CNN layers to generate features that were passed through a dense layer into
BiLSTM layers. The BiLSTM layers in turn produce features that are passed to the
attention layer and a glimpse vector is generated. Features from the BiLSTM and the
glimpse vector are concatenated together and passed through a final dense layer. Xu et
al.164 employed a CNN-LSTM for seizure detection in EEG signals. This model also
utilized CNN layers to generate features, which are then passed through a dense layer into
the LSTM layers. From the LSTM layers, the features are processed through a final dense
layer and softmax is used to generate a probabilitic classification.

In the RBLAN, the features ci output from the ResNet are passed through a flatten layer
and concatenated with the glimpse vector gj generated from the ResNet attention layer.
The BiLSTM processes the signal inputs in parallel to the ResNet and produces a feature
vector based on output states of hk. The BiLSTM output features are then also passed
through an attention layer and a glimpse vector gk generated. The BiLSTM output features
are flattened and concatenated with the glimpse vector gk. The concatenated output from
both the ResNet and BiLSTM are then concatenated together to form a comprehensive set
of output features fl. These features are passed through a dense output layer with a sigmoid
activation function. In the final dense layer the individual features from the CNN and
BiLSTM sub-networks are prioritized along with the glimpse vectors. The glimpse vectors
identify important features from both sub-networks and reduce the feature space between
multimodal signal channels. The RBLAN is trained independently for each physiological
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signal, and the features generated for all signal channels are processed utilizing a dense
layer with a linear activation function for regression. For classification tasks, a Siamese
Neural Network architecture comprised of RBLAN twin networks is substituted in the final
phase of the BiometricNet (see Section 3.4).

3.3.3 Continuous Blood Pressure Estimation
with Deep Features and Attention

The World Health Organization estimates that hypertension causes 7.5 million deaths
annually and accounts for almost 12.8% of total global deaths.165 The prevalence of
hypertension in adults (aged 30-79 years) worldwide is estimated at 32% in women and
34% in men, accounting for nearly 1.28 billion people in 2019.166 The definition provided
by the Public Health Agency of Canada to diagnosis hypertension is a systolic rate
(pressure during contraction) of ≥ 140 mmHg and a diastolic rate (pressure during heart
relaxation) of ≥ 90 mmHg.167 Hypertension can lead to coronary artery disease, heart
failure, transient ischemic attacks (TIA), stroke, dementia, kidney failure, and eye blood
vessel damage, amongst other complications.168 The gold standard for blood pressure
measurement in a clinical setting involves an auscultatory method used in conjunction
with a sphygmomanometer. The clinical professional applies a blood pressure cuff (usually
on the brachial artery) and inflates past the systolic maximum threshold. A stethoscope is
used to listen for Korotkoff sounds as the cuff is deflated, which signal the transition points
for systolic and diastolic levels. The oscillometric technique is an alternative blood pressure
measurement method that uses an electronic pressure gauge to quantify the pressure
oscillations during cuff deflation. Systolic and diastolic measures are then extracted using
empirically derived algorithms based on the shape of the recorded pulse wave envelope.6

The oscillometric technique has been proven to be comparable to the auscultatory method,
and intra-arterial catheter pressures, in studies of commercially available devices.7

Challenges with the gold standard auscultatory and oscillimetric approaches for blood
pressure measurement include operator biases and inconsistencies, as well as being limited
to intermittent and discrete measurements.169 Ambulatory blood pressure measurement
technologies have been evaluated that allow patients to take multiple timed readings
throughout their daily activities.170 Numerous studies have shown that these ambulatory
measurements are more reliable predictors of cardiovascular disease risk than individual
readings taken in a clinical environment.171,172 These ambulatory techniques still require
compression of the arteries and subsequent discomfort to the patient and are often still
discrete measurements. But with the increasing adoption of wearable technologies, the
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opportunity now also exists to record critical biometric waveforms in a continuous and
non-invasive manner. It would be highly advantageous if these continuous biometric signals
could be translated to clinical grade blood pressure estimates captured passively throughout
daily activity.

The foundations of work in continuous blood pressure estimation are based on
the principals of biomechanics and specifically the Moens-Korteweg formula,173 which
establishes the relationship between the pulse wave velocity and characteristics of the
neighbouring vessel walls:

v =

√
gEa

ρd
(3.18)

Where v is the pulse wave velocity, g is the gravitational constant, E is the elastic modulus
of the vessel, a is the wall thickness, ρ is the density of blood, and d is the interior diameter
of the vessel.

In early work by Chen et al.,174 the Moens-Korteweg equation was combined with
the derivation by Hughes et al.,175 which establishes the relationship between the elastic
modulus and blood pressure:

E = E0e
γρ (3.19)

Where E0 is the elastic modulus at zero pressure, ρ is the blood pressure (mmHg) and γ
is an empirically derived coefficient (mmHg−1). With the substitution of elastic modulus
into the Moens-Korteweg formula, the systolic blood pressure (SBP) can be defined by:

SBP = SBP0 −
2

γPTT0
(PTT − PTT0) (3.20)

This method requires a calibration step to establish constants for the baseline systolic
rate (SBP0) and pulse transit time (PTT0), and the value of the constant coefficient γ
is selected based on the type of vessel being measured. The PTT is typically measured
through the pulse wave propagation time from the ECG R-Peak to the first derivation peak
in the PPG at a peripheral location on the body (e.g. finger, toe, ear, or forehead). Chen
et al.174 reported an error rate of ±10% over 97.8% of the reporting period and 38.8% with
zero error, when utilizing γ derived from data collected from 20 patients:

γ = 0.016− 0.018 (mmHg−1) (3.21)

Extensions to this work were continued by Poon et al.176 with the addition of estimations
for diastolic blood pressures. Diastolic and systolic measurements are related based on the
heuristic relationship to mean blood pressure (MBP) as outlined as:

MBP =
1

3
SBP +

2

3
DBP (3.22)

51



When this heuristic is applied with an DBP substitution for SBP in equation 3.20, the
DPB and SBP can be expressed by equations:177

DBP =
1

3
SBP0 +

2

3
DBP0 +

2

γ
ln

(
PTT0
PTT

)
− SBP0 −DBP0

3

(
PTT0
PTT

)2

(3.23)

SBP = DBP + (SBP0 −DBP0)

(
PTT0
PTT

)2

(3.24)

A calibration step is again required to establish the baseline systolic rate (SBP0), diastolic
rate (DBP0), pulse transit time (PTT0), and the constant coefficient was revised based on
empirical results by the investigators:177

γ = 0.031 (mmHg−1) (3.25)

In testing against 10 healthy patient volunteers, Poon et al.176 reported overall accuracy
rates for SBP of 0.6±9.8 mmHg and for DBP of 0.9±5.6 mmHg with this method.

The most recent extension to this method was conducted by Ding et al.178 with the
introduction of the PPG intensity ratio (PIR) as a new correlating attribute for DBP
estimations. The PIR relates to changes in the arterial diameter and thus traces the
low frequency variation in BP. The investigators combined the PIR and PTT models for
a composite approach to model both the high and low frequency contributions to BP
variation:

DBP = DBP0
PIR0

PIR
(3.26)

SBP = DBP0
PIR0

PIR
+ PP0

(
PTT0
PTT

)2

(3.27)

This method also requires a calibration step to establish the baseline diastolic rate (DBP0),
PPG intensity ratio (PIR0), pulse transit time (PTT0), and pulse pressure (PP0). Testing
was conducted with 27 healthy adults fitted with a finger cuff on the left thumb, brachial
cuff on the left upper arm, ECG electrodes on left and right arms, and PPG sensor on the
left index finger. Reported accuracy rates of -0.37±5.21 mmHg for SBP, 0.08±4.06 mmHg
for DBP, and -0.18±4.13 mmHg for mean BP were provided for this research.178

While these PTT-based estimation methods provide accurate estimations of both SBP
and DBP, they require an initial calibration step with a BP measurement device, and both
ECG and PPG baseline signals against which to measure PTT. The calibration interval
is also limited with measurable degradation in accuracy after a 24-hour period.179 Recent
research initiatives have focused on BP estimation methods that eliminate the requirement
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for a calibration process or are dependant on analysis of the PPG waveforms alone. In Miao
et al.,180 characteristics of both the ECG and PPG waveform were extracted as features
to be used as inputs into a multivariate linear regression and support vector regression
models for estimating both SBP and DBP without the need for calibration. SBP variables
that were identified with high feature importance included: PTT (from R-Peak to the
maximum of the first derivative of the PPG), PPG characteristic value PPGK , and PIR:

FIi =

∑N
n=1wi,n
N

(3.28)

Where N is the number of patients in the experiment and wi,n is the weight of feature i
for the nth patient. DBP variables that were identified with a high feature importance
include: PIR, time width of the second derivate of the PPG waveform, foot intensity of
the second derivate PPG waveform, and PPGK :

PPGk =
pm − pd
ps − pd

(3.29)

Where pm is the PPG amplitude at the mean blood pressure (MBP), pd is the PPG
amplitude at the DBP, and ps is the PPG amplitude at the SBP. Testing to validate the
method was conducted on 73 healthy adults and a reported overall accuracy of -0.001±3.102
mmHg for SBP and -0.004±2.199 mmHg for DBP was obtained.

Work by Xing et al.181 focused on processing the PPG waveform to estimate both
SBP and DBP, without the use of accompanying ECG. The PPG signal was processed
with an FFT and amplitude and phase features were extracted as input features for an
Artificial Neural Network (ANN). The ANN was structured with a single hidden layer
and two output nodes for SBP and DBP. Output from the trained network was validated
against data from 69 patients in the MIMIC II waveform database and supplemented with
data collected from 23 additional volunteers. The reported accuracy for this method was
0.06±5.57 mmHg for SBP and 0.01±3.69 mmHg for DBP. Most recently, Kyung et al.182

employed a CNN with attention for continuous blood pressure estimates from PPG and
pressure sensor signals. The CNN network with attention achieved a 0.43±9.35 mmHg for
SBP and 0.21±7.72 mmHg for DBP estimations.

Methods reviewed utilized a number of reference points on the PPG pulse for calculating
the PTT in relation to the ECG R-peak. In Figure 17, the relationship between the ECG
signal and the PPG signal landmarks is demonstrated. The PTTf relates to the foot of
the PPG pulse, the PTTd to the maximum point of the first derivative, and the PTTp to
the pulse peak.
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Figure 17: Pulse Transit Time Measurements

3.3.3.1 Data

The Pulse Transit Time (PTT) PPG Dataset is a recent addition to the PhysioNet clinical
repository.136 It contains data from 22 healthy subjects captured during 3 different physical
activities, namely: sitting, walking, and running. Multiple sensors were utilized to capture
time synchronized channels from different locations on the participant’s body. Signals
include ECG, PPG (red λ= 660±10 nm, IR λ=880+2010 nm, and Green λ= 537+47 nm),
tri-axial accelerometer, and tri-axial gyroscope. All the sensors are connected through an
ARM Cortex-M4 microcontroller running at 180 MHz, to allow the signals to be measured
within a 2 ms window. This tight time resolution allows the experimentation on PTT
algorithms related to ECG and PPG signal analysis. The blood pressure reference measures
were taken with an OMRON HEM-7322 monitor, with an oscillometric reading taken at
the start of the test session and again at the end. All the waveforms were captured at
a 500 Hz sampling frequency. Temperature and peripheral pulse oxygen saturation levels
(SpO2) are also provided. A 500 sample tracing of the physiological signals present in the
dataset is illustrated in Figure 18, which include: ECG, PPG-red wavelength, PPG-IR
wavelength, PPG-green wavelength, and tri-axial accelerometer and gyroscope.

The average PTT time for a finger tip-mounted sensor was determined in
experimentation to be 269±6 ms.183 To ensure a data segment was extracted that would
contain the peak of the PPG signal (and thus relate the PTT), a one second analysis window
was selected. This window centers around the ECG R-peak, which is provided in the
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annotation track of the PhysioNet Pulse Transit Time (PTT) PPG Dataset.136 The ECG
signal and the PPG IR channel were extracted and separated into five training and testing
folds with an 80%-20% split. The IR channel was selected amongst the PPG channels for
processing, as it has the longest wavelength and thus the ability to penetrate deeper into the
vessel bed for a higher quality signal. This is due to the transmittance-based orientation of
the LEDs and the photo diodes in the finger-mounted optical sensor. The ECG and PPG
signals were pre-processed with a rolling average mean filter and a Butterworth bandpass
filter of 0.05 Hz-150 Hz for the ECG and 0.75 Hz-5 Hz for the PPG signal. All data
segments were normalized to a range of 0 to 1 from local minimum and maximum values.
First and second order derivatives were computed for the ECG and PPG signal from the
normalized segment. Two reference BP measurements are made on each reading, at the
beginning of the test session, and again at the end. A linear interpolation was used to
estimate the reference BP for each time point between the beginning and the end reference
measurements.

3.3.3.2 Results

The RBLAN network was trained on NVIDIA GeForce GPUs for matrix acceleration.
TensorFlow150 and Keras151 were utilized to implement the network and facilitate the
training and testing process, SciPy184 was used for signal pre-processing methods, and
Python153 provided the programming framework for all implementation activities. A batch
size of 32 was utilized and the networks were trained and evaluated over 100 epochs. The
model was trained separately for diastolic and systolic estimations. A constant learning
rate of 0.0001 was used with Adaptive Moment Estimation (Adam) for the optimizer.
Mean Squared Error (MSE) was used for the loss function:

MSE =
1

N

N−1∑
i=0

(B̂P i −BPi)
2 (3.30)

Where B̂P i is the systolic or diastolic estimate and BPi is the reference measurement.
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(a) ECG Signal (b) PPG Signal (Red)

(c) PPG Signal (IR) (d) PPG Signal (Green)

(e) Accelerometer Signals (f) Gyrometer Signals

Figure 18: Signal Segments from Pulse Transit Time PPG Dataset

Hyperparameters

Optimizer: Adaptive Moment Estimation optimizer (Adam)
Learning Rate: 0.0001
Epochs: 100
Batch Size: 32
Loss Function: Mean Squared Error (See Equation 3.30)
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The performance of the RBLAN model were assessed against the ability to estimate
both SBP and DBP within the tolerances of established international standards for
medical devices. The International Standards Organization (ISO) 81060-2:2018/Amd
1:2020 “Non-invasive sphygmomanometers — Part 2: Clinical investigation of intermittent
automated measurement type” requires blood pressure estimation to produce mean
absolute error levels <5±8 mmHg. The British Hypertension Society (BHS) defines device
quality gradings based on the percentage of readings with error within 5, 10, and 15 mmHg.
To the author’s knowledge, there are no publications to report BP estimation accuracy from
the PhysioNet Pulse Transit Time PPG Dataset at the time this was published.

The results for the validation of the RBLAN model for continuous, non-invasive blood
pressure estimation are presented in Table 3.4 and Table 3.5. The results detail performance
on each of the five folds used for cross validation on random testing sets, with diastolic
estimates presented in Table 3.4 and systolic estimates presented in Table 3.5. Metrics
provided in these tables include the count of samples in each test fold, the mean and
standard deviation of error in mmHg, as well as the absolute mean and standard deviation
of error in mmHg. Predicate research often reports mean and standard deviation of error,
but ISO 81060-2:2018/Amd 1:2020 requires error to be reported with absolute mean and
standard deviation of error, so both have been evaluated. The percentage of readings with
an error that is < 5 mmHg, < 10 mmHg, and < 15 mmHg are also defined, which allows the
performance of the RBLAN to be evaluated based on the British Hypertension Society’s
grading categories. These metrics are also segregated based on the activity performed by
the participant during data collection, which includes sitting, walking, or running.

The individual paired reading errors between reference measurements and RBLAN
estimations are presented in Bland-Altman plots in Figure 19 and Figure 20 for
diastolic and systolic measurements, respectively. The Bland-Altman plots show limits
of agreement, and can be utilized to identify systemic bias in the model and for outlier
detection. Scatter plots have also been generated with detailed Pearson’s correlation
coefficients to show correlation between reference and estimated systolic and diastolic
measurements. The scatter plots for diastolic measurements can be found in Figure 21
and for systolic measurements in Figure 22. All Bland-Altman and scatter plots report
results independently for each of the three collection positions (i.e., sitting, walking, and
running).

3.3.3.3 Analysis

The RBLAN model was tested for performance of continuous, non-invasive blood pressure
estimations against data that was collected in both sedentary (i.e., sitting), as well as
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Table 3.4: Performance of the RBLAN for Diastolic Blood Pressure Estimates

Position Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average

Count (N) 2718 2817 2701 2792 2694 2744.40
Mean (SD) 0.95(2.20) 1.69(2.31) 1.53(2.34) 2.11(2.53) 2.67(3.03) 1.79(2.48)
Mean Absolute (SD) 1.85(1.52) 2.28(1.74) 2.22(1.71) 2.63(1.99) 3.18(2.49) 2.43(1.89)

Sitting BHS 5(%) 96.14 93.89 93.00 87.71 79.14 89.98
BHS 10(%) 99.85 99.57 99.78 99.71 98.14 99.41
BHS 15(%) 100.00 99.96 99.96 100.00 99.89 99.96
Count (N) 3232 3121 3253 3136 3166 3181.60
Mean (SD) 1.40(2.97) 1.98(3.18) 1.63(3.25) 2.31(3.42) 2.82(3.64) 2.03(3.29)
Mean Absolute (SD) 2.49(2.14) 2.87(2.41) 2.79(2.32) 3.25(2.53) 3.67(2.78) 3.02(2.44)

Walking BHS 5(%) 88.89 85.00 85.95 79.94 73.72 82.70
BHS 10(%) 99.04 98.11 98.56 97.70 96.87 98.06
BHS 15(%) 99.91 99.94 99.82 99.87 99.84 99.87
Count (N) 3293 3176 3367 3236 3287 3271.80
Mean (SD) 1.35(3.22) 1.76(3.51) 1.76(3.40) 2.29(3.54) 2.40(3.90) 1.91(3.51)
Mean Absolute (SD) 2.61(2.31) 2.94(2.60) 2.95(2.44) 3.27(2.66) 3.48(2.98) 3.05(2.60)

Running BHS 5(%) 86.88 83.41 84.14 78.52 77.55 82.10
BHS 10(%) 98.48 97.32 97.95 97.40 95.71 97.37
BHS 15(%) 99.91 99.81 99.88 99.75 99.33 99.74

Table 3.5: Performance of the RBLAN for Systolic Blood Pressure Estimates

Position Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average

Count (N) 2718 2817 2701 2792 2694 2744.40
Mean (SD) 0.90(3.77) 1.09(4.29) 1.38(3.88) 1.50(3.79) 1.91(4.35) 1.36(4.01)
Mean Absolute (SD) 2.86(2.61) 3.25(3.00) 2.91(2.92) 2.95(2.81) 3.35(3.36) 3.06(2.94)

Sitting BHS 5(%) 84.29 79.59 83.30 82.31 79.84 81.87
BHS 10(%) 98.20 97.23 97.11 96.99 95.95 97.10
BHS 15(%) 99.56 99.43 99.63 99.50 99.00 99.42
Count (N) 3232 3121 3253 3136 3166 3181.60
Mean (SD) 1.18(4.42) 0.92(5.40) 1.32(4.53) 1.61(4.84) 1.40(4.80) 1.29(4.80)
Mean Absolute (SD) 3.33(3.13) 4.15(3.58) 3.54(3.12) 3.78(3.43) 3.73(3.33) 3.71(3.32)

Walking BHS 5(%) 79.15 67.86 76.58 72.58 73.09 73.85
BHS 10(%) 96.57 93.98 96.00 95.03 94.98 95.31
BHS 15(%) 98.79 98.40 99.20 98.41 98.86 98.73
Count (N) 3293 3176 3367 3236 3287 3271.80
Mean (SD) 1.57(4.75) 1.41(5.30) 2.02(4.72) 2.13(4.90) 1.92(4.93) 1.81(4.92)
Mean Absolute (SD) 3.57(3.50) 4.07(3.68) 3.78(3.47) 3.89(3.66) 3.86(3.62) 3.83(3.59)

Running BHS 5(%) 75.46 69.52 72.82 71.97 72.77 72.51
BHS 10(%) 94.72 94.02 94.24 94.00 93.52 94.10
BHS 15(%) 98.60 98.58 98.72 98.45 98.78 98.63
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(a) Sitting (b) Walking

(c) Running

Figure 19: Bland-Altman Plots for Difference in Diastolic Estimates to Reference Values

ambulatory conditions (i.e., walking and running). Details of the errors of determination
between the reference oscillometric measurements and the RBLAN model estimations are
detailed in Table 3.4 and Table 3.5. The RBLAN demonstrated an overall mean error
on all positions of 1.91±3.10 mmHg and absolute error of 2.83±2.31 mmHg for diastolic
estimations, and mean error of 1.48±4.58 mmHg with mean absolute error of 3.53±3.28
mmHg for systolic estimations. As anticipated, the position impacted the accuracy of
estimations for both systolic and diastolic estimates, with sitting demonstrating the lowest
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(a) Sitting (b) Walking

(c) Running

Figure 20: Bland-Altman Plots for Difference in Systolic Estimates to Reference Values

error, then walking, and running produced the highest errors. The RBLAN met the
ISO 81060-2:2018/Amd 1:2020 device requirements of <5±8 mmHg for mean absolute
error for both diastolic and systolic measurements, across all folds, and subject positions.
This is an exciting result, as many previous validation studies have been restricted to
evaluating performance in sedentary positions when the patient was seated or supine
in a hospital bed,181,182 and it lends confidence to the regulatory approval pathways for
ambulatory cNBIP measurements. It is also notable that no calibration based on individual
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(a) Sitting (b) Walking

(c) Running

Figure 21: Scatter Plots for Diastolic Estimates

patient data was required for the RBLAN, as compared to many of the early cNBIP
methods.174,176,178

The performance of the RBLAN was also evaluated against the British Hypertension
Society (BHS) thresholds for the percentage of measurement errors <5 mmHg, <10 mmHg,
and <15 mmHg. The RBLAN performs at the top tier designation (Grade A) for BHS
standards, which requires 60% of readings to have measurements with errors <5 mmHg,
85% to be <10 mmHg, and 95% to be <15 mmHg.170 It is difficult to compare the
results in a meaningful manner to other predicate research, given the disparity in data sets
and use of data collection methods predominately limited to static positions. However,
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(a) Sitting (b) Walking

(c) Running

Figure 22: Scatter Plots for Systolic Estimates

the RBLAN results are in the close alignment with reported state-of-the-art methods for
cNIBP estimation performance in a sitting position that use ECG and PPG and which
do not require calibration. In comparison with the work by Miao et al.,180 the RBLAN
demonstrated 1.36±4.01 mmHg for SBP versus -0.001±3.102 mmHg, and 1.79±2.48 mmHg
for DBP versus -0.004±2.199 mmHg. The RBLAN also shows substantial performance
improvements when compared with the methods that utilized PPG signals alone, with
recent research reporting 0.43±9.35 mmHg for SBP and 0.21±7.72 mmHg182 for DBP.

Further analysis of the RBLAN performance was accomplished by reviewing the
Bland-Altman plots in Figure 19 and Figure 20. In these Bland-Altman plots, the limits
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of agreement are identified along with points representing errors of determination for
individual paired readings. Outliers were detected for systolic measurements in all positions
and estimation errors > 38 mmHg were qualitatively investigated. It was anticipated that
the errors would be due to noise in the PPG channel, because it is an optical sensor and
more subject to movement artifact than the electrical sensors, but this was not determined
to be the case. In the readings reviewed, some represented cases with ECG recordings that
had significant noise levels to the point that R-peaks could not be determined, but the
majority of these errors were issues with the RBLAN ECG R-peak detection that shifted
the PTT calculations. This error could in part be caused because the ECG segment was
always centred on the annotated peak, and the RBLAN did not review enough variability
in the signal for robust performance. Some systemic bias was also noted in the high and low
BP regions for systolic estimations during walking and running. This may be attributable
to the lack of readings in these high and low BP regions and would be mitigated in larger,
more diverse datasets with a more uniform hemodynamic distribution. Scatter plots were
also generated for the RBLAN model performance for systolic and diastolic estimations (see
Figure 21 for diastolic estimates and Figure 22 for systolic measurements). The Pearson’s
correlation coefficients were found to be high for both diastolic and systolic estimations,
with values ranging from 0.95 for sitting, to 0.91 for diastolic estimates during running.

The attention layers of the ResNet and BiLSTM are independent of one another,
and produce a weighting score for each time step in the input series. These attention
weights have been illustrated through a heatmap with an intensity scale in Figure 23 and
Figure 24 for results from inference on one test sample processed through the RBLAN
systolic estimation model. Figure 23 shows the attention weights for a PPG segment and
Figure 24 for an ECG segment. Beyond providing a mechanism for segmenting features
across multimodal channels, attention weights also help to interpret model performance
and provide transparency into the decision-making process. Through the heat maps, it is
demonstrated that the ResNet focuses on very narrow regions of both the ECG and PPG
signal with high attention weights. The ResNet attention weights are primarily focused
on the R-peak and negative S-peak of the QRS complex, and in the PPG the PTTd of
the following and proceeding pulse. This focus is in alignment with established PTT
measurement locations and lends confidence to the underlying model. It also provides an
interesting insight that referencing both the current and preceding peak of the PPG can
aid in PTT measurements. The BiLSTM demonstrates low attention weights across both
the ECG and PPG signal, indicating it is not contributing substantially to the RBLAN
performance. This is not unexpected, given the small window size and limited sequential
patterns represented in this short duration of analysis window. For other applications
of adverse event detection, it is hypothesized that the BiLSTM will contribute more
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(a) ResNet Attention Mask (b) BiLSTM Attention Mask

Figure 23: Heat Map of Attention Mask for PPG Signal

(a) ResNet Attention Mask (b) BiLSTM Attention Mask

Figure 24: Heat Map of Attention Mask for ECG Signal

substantially when longer time frames are represented in the samples. The attention
weights for the BiLSTM in the ECG are uniform across the signal, which could in part be
due to the fact that the ECG pulse is centered in the window segment, and thus does not
provide much information for PTT calculations. The attention weights for the BiLSTM
on the PPG signal show elevated intensity through the PTTf to PTTd region.
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3.4 Phase 3: Regression and Classification

3.4.1 Method

The final stage of analysis in the BiometricNet is an ensemble layer to fuse the output of
all individual biometric channels together and produce a holistic patient risk metric (see
architecture in Figure 25). Each individual biometric channel is processed in parallel
and RBLAN output features (fl) become inputs into a fusion model that performs
either regression or classification. Cardio-respiratory physiological signals that are ideal
to this feature extraction approach include: Respiration, PPG, ECG lead I, II, III,
V, and continuous arterial blood pressure (ABP). Patient activity information can be
integrated through the inclusion of accelerometer/gyroscope signal analysis to derive an
overall activity index for gross motor assessments, or are also well-suited to more detailed
time and frequency feature extraction through the RBLAN architecture.163 If additional
clinical time series are available in certain patient monitoring situations, such as continuous
temperature measurements, these could be integrated directly by concatenating with the
RBLAN output (fl), without the requirement of extensive signal pre-filtering and parallel
ResNet or BiLSTM modelling steps.

The fusion model can be adapted to produce an output that is relevant for the clinical
application under investigation. For a regression task, such as that demonstrated for
cNIBP in phase 2, a dense layer of 1 unit with a linear activation function is utilized to
provide continuous values over a specified range. However, this is easily adjusted to utilize
a sigmoid activation function in the output layer to achieve a binary classification, or
softmax for multiple category classification. These regression and classification outcomes
can be utilized for the detection of adverse clinical status and events, such as hypertension,
hypotension, myocardial infarction, or the onset of cardiac arrhythmias.

For predicting patient deterioration or adverse clinical events, the BiometricNet utilizes
a Siamese Neural Network (SNN) structure to learn highly discriminative properties of
the RBLAN features between different points in the clinical care timeline to predict
onset. SNNs first emerged for signature verification185 and have been demonstrated
as effective one-shot learning approaches to image recognition.40 They have also been
applied in healthcare for determining clinically relevant differentials in medical imaging.186

Application of the SNN across a patient trajectory for predicting adverse clinical events
is an innovative use of this network topology. The SNN is a twin network with shared
parameters between two network instances. Output layers then utilize a Euclidean distance
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Figure 25: Siamese Neural Network for Multimodal Biometric Signal-Based Classification

to measure the difference between the feature vectors:

dEuclidean(f1,l, f2,l) =

√√√√ 1

N

N∑
i=1

(f1,li − f2,li)2 (3.31)

In the case of physiological signals, the SNN is trained to produce a similarity metric from
RBLAN features that represents the differential in patient status between two chronological
time points in the event horizon. The SNN thus magnifies changes in the patient’s
physiological signature across a clinical timeline to provide advanced notification of adverse
clinical events. A benefit of an SNN is the demonstrated ability to support one-shot learning
for unseen classifications. The resultant similarity metric is translated in a dense layer with
a sigmoid activation function to qi, a patient risk score on a normalized scale that represents
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the patient trajectory at a specific point in a timeline. This qi patient risk score is well
suited to clinical care workflows that already utilize static Early Warning Scores.

It was determined empirically that the performance of the SNN for classification was
improved if the features of the RBLAN were constrained. This is in contrast with the use of
the RBLAN for regression, where an expanded feature space was beneficial. Regularization
techniques were thus employed to constrain the complexity of the model during training,
resulting in better generalization on unseen cases. Average pooling layers were added at
the output of each convolutional layer, and dropout was added with a value of 0.5 at the
dense output layer of the RBLAN. An additional layer was added to the CNN with a filter
size of 1024.

A Binary Cross Entropy (BCE) loss function is utilized by the SNN, as it is the most
commonly used loss function for binary classification tasks, where pi is the predicted
probability and yi the reference classification:

BCEloss =
1

N

N∑
i=1

− (yi ∗ log(pi) + (1− yi) ∗ log(1− pi)) (3.32)

Unbalanced datasets are a challenge for machine learning applications in healthcare.
The incidence of the positive (e.g. disease) classification is far less prevalent than the
control group. To address imbalance in the dataset, the SNN uses an adaptive weighting
for the classifications based on the distribution of patients into the positive and negative
groupings. These class weightings are calculated for a binary classification problem as:

weight for negative =

(
1

negative patients

)
∗
(
total patients

2.0

)
(3.33)

weight for positive =

(
1

positive patients

)
∗
(
total patients

2.0

)
(3.34)

The classification weighting vector cw is defined as:

cw = yi ∗ weight for positive+ (1− yi) ∗ weight for negative (3.35)

The weighted BCE loss to address class imbalance becomes:

WBCEloss = cw ∗BCEloss (3.36)
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3.4.2 A Novel Siamese Network
for Myocardial Infarction Prediction

Acute Myocardial Infarction (AMI) is a leading cause of mortality and morbidity in
Canada, with an estimated 63,200 adults experiencing their first heart attack each year
(2012/2013 data).187 Diagnosis of AMI clinically is done by analyzing ECG recordings
in conjunction with blood tests that measure troponin levels that signal cardiac injury.
Time is of the essence for AMI detection to minimize the extent of cardiac injury, so
solutions that can utilize clinical wearable devices at point-of-care can improve on the time
it takes to seek essential treatment. AMIs are often categorized as ST Elevation Myocardial
Infarction (STEMI) or Non-ST-Elevation Myocardial Infarction (NSTEMI), based on ECG
criteria.113 Analysis of ECG signals for the prediction of AMI is a meaningful application
for the BiometricNet and a demonstration of the ability to predict adverse clinical events
at a future time horizon.

The BiometricNet utilizes a baseline ECG recording for the patient and then identifies
changes over time to signal early pre-cursors as the AMI progresses. The ECG signal
has been demonstrated to change as the patient progresses through the early stages of an
AMI,188 which makes it an ideal application of the SNN approach. Starting with hyperacute
T waves (large, peaked T waves) that start immediately after onset of the infarction and
are present for 5 to 30 minutes. These are followed by ST segment elevation that develops
a few hours after the first symptoms, and is often the first discernible change in ECG for
an AMI. As the AMI proceeds, the R-wave will lose amplitude and there will be an onset
of pathological Q waves (abnormally wide or deep), which can occur as early as one to
two hours after symptom onset, or take up to 24 hours to develop. The ST segment then
begins to resolve and the T-waves begin to invert. ST segment elevation can remain for
up to two weeks post-AMI and T-waves can remain for months.188

Research into deep learning methods for Myocardial Infarction prediction has shown
promising results in current literature.112,113 In Han et al.,112 a ResNet architecture
was utilized to analyze 12-lead ECG signals from the PTB (Physikalisch-Technische
Bundesanstalt) database. This research reported an accuracy of 95.49%, sensitivity of
94.85%, and specificity of 97.37% on the task of MI detection. Most recently, Gustafsson et
al.113 utilized a ResNet architecture to analyze 12-lead ECG signals, but also augmented
the input parameters with age and sex of the patient. Performance of this model was
reported on a custom dataset of 492,226 ECG recordings from 214,250 patients gathered
in the emergency rooms of Sweden, as well as a subset of the PTB-XL ECG dataset
(PTB-XL).189 This model produced a reported overall C-statistic of 0.991 on STEMIs, and
a C-statistic of 0.832 on NSTEMIs.
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Figure 26: Prediction of Myocardial Infarction from ECG Signals Extracted from the
Patient ICU Admission Timeline

3.4.2.1 Data

The PTB Diagnostic ECG Database137 (PTB) is an open source database (available
through PhysioNet)190 that contains 549 ECG recordings captured from 290 patients. The
labelled subset of PTB represents a number of cardiac conditions: Myocardial Infarction
(148), Cardiomyophy/Heart Failure (18), Bundle Branch Block (15), Dysrhythmia (14),
Myocardial Hypertrophy (7), Valvular Heart Disease (6), Myocarditis (4), Miscellaneous
(e.g., Angina, 4), and Healthy Controls (52). There are 15 simultaneously recorded ECG
channels, including a standard 12 lead configuration (I, II, III, aVR, aVL, aVF, V1, V2,
V3, V4, V5, and V6), as well as three Frank leads (Vx, Vy, and Vz). The cases of
MI represented in this dataset are limited to incidence of STEMI, and do not represent
NSTEMI events. The ECG recordings are high fidelity, sampled at 1 kHz with 16 bit
resolution and an input voltage range of ±16 mV. Each patient record contains one to five
ECG waveforms of ten second duration across all 15 ECG channels. A larger extension
of the PTB dataset (PTB-XL)189 is also available at PhysioNet, containing 21,837 12-lead
ECG recordings captured from 18,885 patients. For this preliminary experiment, the PTB
dataset was utilized with plans to extend the analysis to the larger dataset in future work.

A leave-k-out cross-validation strategy was applied with five generated training and
testing folds. Each training fold was randomly assigned 80% of the patients, and 20% to
the testing set. The representation of the MI versus Other classifications was balanced
within the training and testing folds. Only the lead I, II, and III channels were included in
the analysis, as these represented common configurations available on a three-lead clinical
wearable device. The ten second ECG segment for each recording was split into a five
second baseline and five second analysis window. Pre-processing of the ECG segments was
done with the ψ-GANDAE (see section 3.2 for details). The ψ-GANDAE was pre-trained
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using all 48 patient records within the PhysioNet MIT-BIH Arrhythmia Database134 with
noise injected from the PhysioNet MIT-BIH Stress Test Database135 at 0 dB, 1.25 dB, and
5 dB levels.

3.4.2.2 Results

The BiometricNet was trained on NVIDIA GeForce GPUs for matrix acceleration.
TensorFlow150 and Keras151 were utilized to construct the network and implement the
training and testing process, SciPy184 was used for signal pre-processing support with
the ψ-GANDAE, and Python153 provided the programming framework for design and
implementation activities. A batch size of 8 was utilized and the networks were trained
and evaluated over 15 epochs. A constant learning rate of 0.00001 was used with Adaptive
Moment Estimation (Adam) for the optimizer and WBCEloss for the loss function.

Hyperparameters

Optimizer: Adaptive Moment Estimation optimizer (Adam)
Learning Rate: 0.00001
Epochs: 15
Batch Size: 8
Loss: Weighted Binary Cross Entropy Loss (See equation 3.36)

The performance of the BiometricNet on AMI prediction was assessed against the
C-Statistic or Area Under the Receiver Operator Characteristics curve (AUROC). The
AUROC curves show the true positive rate (Sensitivity) versus the false positive rate
(1-Specificity), where Sensitivity and Specificity are calculated as:

Sensitivity =
True Positives

True Positives + False Negatives
(3.37)

Specificity =
True Negatives

True Negatives + False Positives
(3.38)

The Average Precision (AP) metric will also be evaluated for the model, which
represents the Area Under the Precision-Recall Curve (PR Curve). Where precision and
recall are defined as:

Precision =
True Positives

True Positives + False Positives
(3.39)

70



Recall =
True Positives

True Positives + False Negatives
(3.40)

The performance of the BiometricNet on the task of myocardial infarction prediction
for the PTB Diagnostic ECG Database are summarized in Table 3.6. Validation of the
model was done though Leave-k-Out cross validation, with all records for an individual
patient segregated to either the training or testing set, to better assess the system’s ability
to generalize on unseen cases. The performance for each fold of training/testing is detailed
in Table 3.6, including number of samples in the fold, the resultant C-Statistic, and Average
Precision (AP).

Table 3.6: Performance of the BiometricNet for Myocardial Infarction Prediction

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average

Total Samples (N) 88 111 110 112 102 104.60
C-Statistic (AUROC) 0.87 0.88 0.86 0.83 0.88 0.86
Average Precision 0.94 0.93 0.90 0.89 0.94 0.92

3.4.2.3 Analysis

The results in Table 3.6 demonstrate the performance of the BiometricNet for predicting
myocardial infarction. The model produced an overall average C-Statistic of 0.86 (0.02)
and Average Precision of 0.92 (0.02) across all validation folds. A comparison of predicate
research is difficult, given that all methods reviewed analyzed all 12 leads of ECG for
prediction, and the BiometricNet utilized only leads I, II, III. This restriction in lead
configurations was made to assess suitability for use with clinical wearable devices that are
limited in auxiliary leads and constrained by memory and flash storage. Recent work by
Gustafsson et al.113 utilized all 12 leads of ECG, as well as age and sex, as inputs into their
ResNet, which produced a C-Statistic of 0.932 (0.904–0.959) and AP of 0.955 (0.934–0.972)
on a subset of the PTB-XL database. While performance of the BiometricNet is lower than
those reported by Gustafsson et al.,113 it is hypothesized that this is due to differences in
the dataset and inputs utilized for the model training, and not the overarching system
architecture. This will be further validated in future work, where the BiometricNet will
be trained on the extended PTB-XL database, and a baseline with 12-leads produced to
compare directly with predicate research.189

Performance of the BiometricNet was also assessed by constructing graphs for
the Receiver Operator Characteristics curves (Figure 27), and Precision-Recall curves
(Figure 28). The Receiver Operator Characteristics curves illustrated in Figure 27 show
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the performance curve for each of the folds in the testing set with the Sensitivity on the
y-axis and the false positive rate (1-Specificity) on the x-axis. The dotted line in Figure 27
demonstrates theoretical performance of a random classifier. The Precision-Recall curves
in Figure 28 show Precision on the y-axis and Recall on the x-axis. It is noted on the
Precision-Recall curve that there are “steps” in the profile, which is attributed to the
smaller size and distribution of the testing set from the PTB database. This will be
resolved when using the PTB-XL database with a larger training and testing set.

Figure 27: Receiver Operator Characteristics Curves for Myocardial Infarction Prediction

Figure 28: Precision-Recall Curves for Myocardial Infarction Prediction
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3.5 Summary

In chapter 3, a novel deep learning framework has been presented to support the
processing of continuous, multimodal biometric signals in near real-time for the detection
of patient deterioration and prediction of adverse clinical events. The performance of
the BiometricNet architecture for this framework has been analyzed for each of the three
primary processing stages, 1) Signal pre-processing, 2) Signal segmentation and feature
extraction, and 3) Regression or classification. The design, implementation, and testing of
the BiometricNet architecture has been explored, with experimental results presented for
each processing phase.

In section 3.2, the first phase of the BiometricNet architecture was investigated,
which accomplishes signal pre-processing with a Generative Multiscale Wavelet De-noising
Autoencoder (Ψ-GANDAE). The Ψ-GANDAE utilizes a GAN structure, with generator
and discriminator networks. The generator leverages important elements of U-Net and
ResNet architectures, and integrates wavelet transform decomposition into successive layers
of this deep network. The Ψ-GANDAE also provides multiscale resolution, with enhanced
processing on individual beat morphology, as well as higher levels of review for sequential
information of the signal rhythm. The performance of the Ψ-GANDAE was assessed on the
PhysioNet MIT-BIH Arrhythmia Database134 with noise introduced from the PhysioNet
MIT-BIH Stress Test Database,135 which represents ECG baseline wander, muscle artifact,
and electrode motion artifact at 0 dB, 1.25 dB, and 5 dB levels. While the Ψ-GANDAE
showed lower SNR and RMSE metrics as compared to the Baseline GAN when compared
utilizing k-fold cross validation, it showed an overall average improvement of 1.22 dB for
SNR and 0.049 for RMSE when evaluated with leave-one-out cross validation.

In section 3.3, a ResNet-BiLSTM-Attention model (RBLAN) was presented for
signal segmentation and feature extraction within the BiometricNet framework. The
RBLAN utilizes a ResNet sub-network to extract time domain, frequency domain, and
time-frequency domain features of the physiological signals, and a BiLSTM sub-network
to identify inherent sequential dependencies. An attention post-processing layer is provided
that produces a glimpse vector, which is the attention weights applied to the sub-network
outputs. This attention layer supports segmentation of the features across multiple
biometric channels, as well as providing transparency on the features being utilized within
the network for interpretability and clinical confidence in the underlying model. The
RBLAN was demonstrated on the task of cNBIP estimation using the Pulse Transit Time
(PTT) PPG Dataset.136 Both systolic and diastolic estimates were determined by the
RBLAN, using data collected in both sedentary (i.e., sitting) and ambulatory positions
(i.e., walking and running). The RBLAN demonstrated a mean absolute error < 5 ± 8
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mmHg for systolic and diastolic estimates in all positions, achieving compliance with ISO
81060-2:2018/Amd 1:2020 for certification of blood pressure measurement devices. It also
achieved the highest rating of Grade A for blood pressure derivations as defined by the
British Hypertension Society, which is based on the percentage of readings within 5, 10,
and 15 mmHg of the reference measurements.

In section 3.4, the ability of the BiometricNet architecture to achieve both regression
and classification tasks was demonstrated. In this last stage of processing, the BiometricNet
utilizes a fusion network that reduces the feature space, and produces a continuous value
output using a linear activation for regression. For classification tasks, the BiometricNet
uses a Siamese Neural Network (SNN) to compare a patient’s physiological signature across
the clinical timeline. The SNN is a twin network, with a differentiating output layer that
computes the Euclidean distance between feature vectors at two different chronological
points in time. The demonstrated end-to-end performance of the BiometricNet was
evaluated on the task of myocardial infarction prediction using the PTB Diagnostic ECG
Database.137 The experiment used a pre-trained version of the Ψ-GANDAE for ECG signal
pre-processing, a modified RBLAN for signal segmentation and feature extraction, and a
SNN to produce a risk score for MI. The BiometricNet analyzed only leads I, II, and III for
predicting MI, to better represent the application of this technology to three-lead clinical
wearable devices. The BiometricNet demonstrated a promising overall average C-Statistic
of 0.86 (0.02) and Average Precision of 0.92 (0.02) on the task of AMI prediction.
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Chapter 4

Conclusions and Future Directions

In this dissertation, a novel deep learning framework has been presented for processing
continuous, multimodal physiological signals for the detection and prediction of adverse
clinical events. The design, implementation, and testing of the BiometricNet architecture
was investigated and demonstrations provided for each of the three primary processing
stages, namely: 1) Signal pre-processing utilizing a novel Generative Multiscale Wavelet
De-noising Autoencoder (Ψ-GANDAE), 2) Signal segmentation and feature extraction with
a ResNet-BiLSTM-Attention model (RBLAN), and 3) Classification or regression from an
ensemble of multimodal biometric signals, where a Siamese Neural Network (SNN) is used
to support classification outcomes.

4.1 Conclusions

The Ψ-GANDAE is a novel Generative Multiscale Wavelet De-noising Autoencoder that
performs signal pre-processing in the BiometricNet. The Ψ-GANDAE utilizes a generative
architecture, with a discriminator and generator to improve model performance during
training and testing. It also harnesses key elements of U-Net and ResNet architectures,
and inherently integrates wavelet transform decomposition into the model by separating
layers into different time-frequency sub-bands. The Ψ-GANDAE provides different scales
of processing to analyze both aspects of the individual beat morphology in biometric
signals, as well as beat-to-beat rhythm. The performance of the Ψ-GANDAE was
demonstrated on ECG recordings from the PhysioNet MIT-BIH Arrhythmia Database134

with common noise injected from the PhysioNet MIT-BIH Stress Test Database,135 which
represent baseline wander, muscle artifact, and electrode motion artifact at 0 dB, 1.25
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dB, and 5 dB levels. When evaluated utilizing k-fold cross validation, the Ψ-GANDAE
demonstrated an average signal quality for the reconstructed ECG across all noise levels
of SNR=21.86 dB and RMSE=0.053 for BW, SNR=21.07 dB and RMSE=0.060 for EM,
and SNR=21.27 dB and RMSE=0.062 for MA, with an overall performance of SNR=21.40
dB and RMSE=0.058. The performance of the Ψ-GANDAE showed an overall average
improvement of 1.22 dB for SNR and 0.049 for RMSE when compared to the baseline GAN
method using leave-one-out cross validation. This demonstrates that the Ψ-GANDAE is
a suitable pre-processing stage for physiological signals that offers more reliable de-noising
when applied to unseen cases. As a deep learning model, the Ψ-GANDAE improves
on performance from traditional Wavelet Transform methods alone, and benefits from
continued pre-training on representative ECG datasets.

The second stage of the BiometricNet is a ResNet-BiLSTM-Attention model (RBLAN)
for signal segmentation and feature extraction. The RBLAN consists of ResNet and
BiLSTM sub-networks that are supported by attention output layers. The ResNet
network extracts time domain, frequency domain, and time-frequency domain features
of the physiological signals, and the BiLSTM sub-network identifies inherent temporal and
sequential dependencies. An attention post-processing layer is provided that supports
segmentation of the features across multiple biometric channels, as well as providing
transparency on the features being utilized within the network for interpretability and
clinical confidence in the underlying model. This is a flexible and adaptive feature
extraction method to support different signal modalities and applications to adverse clinical
event detection and prediction. The RBLAN’s performance was investigated using the
Pulse Transit Time (PTT) PPG Dataset136 for cNIBP estimation of systolic and diastolic
blood pressure metrics. The results showed an overall mean error of 1.91 (3.10) and
absolute error of 2.83 (2.31) for diastolic estimations, and mean error of 1.48 (4.58) with
mean absolute error of 3.53 (3.28) for systolic estimations. These are especially promising
results for a cNIBP method that does not require pre-calibration, and given the data
was collected in both sedentary (i.e., sitting) and ambulatory positions (i.e., walking and
running). In conclusion, the performance of the RBLAN demonstrated compliance with
ISO 81060-2:2018/Amd 1:2020 for systolic and diastolic estimates in all positions, meeting
the requirements for a mean absolute error <5±8 mmHg. The RBLAN also met the
requirements from the British Hypertension Society with a Grade A criteria, based on the
percentage of readings within 5, 10, and 15 mmHg.

The final stage of the BiometricNet is an ensemble layer that utilizes a fusion network to
bring all individual biometric channels together to produce a holistic patient risk metric.
For regression tasks, the fusion network contains a dense layer with a linear activation,
which reduces the features generated by the RBLAN and produces a continuous value
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output within a specified range. For classification tasks, a Siamese Neural Network (SNN)
architecture is utilized to amplify subtle changes in the patient’s physiological signature
across a timeline to provide advanced notification of patient deterioration. The SNN is a
twin network with shared parameters between network instances. A differentiating layer
then utilizes a Euclidean distance to measure the difference between the feature vectors and
augments the RBLAN features for processing by the output layer. In the output network,
a dense layer is then utilized with a sigmoid activation function to produce a probabilistic
score for a binary classification.

The application of the full BiometricNet architecture was demonstrated for the task
of myocardial infarction prediction on the PTB Diagnostic ECG Database.137 This
experiment utilized the Ψ-GANDAE for signal pre-processing of ECG signals, a modified
RBLAN for feature extraction, and a SNN for classification. The ECG data was limited
to lead I, II, and III configurations to assess the performance of the system for three-lead
clinical wearable devices. The BiometricNet produced a C-Statistic of 0.86 (0.02) and
Average Precision of 0.92 (0.02) during Leave-k-Out cross validation on the PTB Diagnostic
ECG Database.137 This performance is a clear advancement on current processes for MI
triage, with estimates indicating there is currently only a 54% accuracy in identifying
cases within an ER setting.191 These results are promising, and offer the potential for the
BiometricNet framework to be utilized to triage STEMI identification in ECG recordings
from three-lead clinical wearable devices.

Research into the design, implementation, and application of the BiometricNet has
honoured important considerations regarding AI ethics and network interpretability and
transparency. This research has a strong ethical alignment, with an objective to improve
health outcomes for all post-surgical patients by removing access barriers with advanced
remote patient monitoring technologies. Ultimately, adoption of these technologies will
help drive equity and inclusion in healthcare. An additional concern with AI systems
is the “black box” nature of the solution, where it is unclear how and why outputs are
being generated. To provide transparency as an AI system, the BiometricNet framework
incorporates architectural elements to support model explainability and provide evidence
to understand the decision-making process. The BiometricNet utilizes attention layers
within the RBLAN feature extraction processing stage to provide a window through which
areas of the input signal that are important for the output signal can be visualized. In
the experiment conducted for this research on continuous non-invasive blood pressure
estimations, the attention layers clearly identified the R-peak and negative S-peak in the
QRS complex of the ECG, and maximum of the first derivative in the PPG signal, as
the primary focus for analysis. These areas are established PTT landmarks, which give
confidence in the model’s performance and thus explainability. The attention mechanism

77



was also used to investigate cases of model failure, and aid in network interpretability for
determining predictability of system performance. Transparency is a crucial element of
an AI system in healthcare, and key to building confidence from clinical practitioners and
regulatory agencies.

4.2 Limitations

The Ψ-GANDAE is the pre-processing stage of the BiometricNet. In this dissertation, the
performance of the Ψ-GANDAE was demonstrated on ECG data from the PhysioNet
MIT-BIH Arrhythmia Database134 with common noise injected from the PhysioNet
MIT-BIH Stress Test Database.135 In the next stages of research for the BiometricNet,
the Ψ-GANDAE will be required to filter many different signal modalities and remove
common noise patterns from each. This will require labelled datasets for each signal type,
with adequate samples of all noise profiles at quantified dB levels, as well as selection of
wavelets that are optimal for decomposing each signal type.

The Ψ-GANDAE utilizes a fixed and pre-determined window length for signal
segmentation. While a multiscale decomposition of the segmented window is inherently
supported within the Ψ-GANDAE’s architecture, the primary resolution of the data
analysis is fixed and pre-determined. In future work involving multiple signal modalities,
the Ψ-GANDAE would benefit from an adaptive signal segmentation strategy that
automatically determines an optimal analysis window for the specified problem domain.
A transformer architecture may hold promise for achieving adaptive segmentation within
the Ψ-GANDAE, given it is well-suited for sequence-to-sequence encodings.192

The second stage of the BiometricNet is an ResNet-BiLSTM-Attention model
(RBLAN) for signal segmentation and feature extraction. The RBLAN produced promising
performance for cNIBP estimation as demonstrated on the Pulse Transit Time (PTT)
PPG Dataset.136 The data for the cNIBP experiment was segmented into windows
for processing that centered around annotated R-peaks from the ECG segment. This
segmentation strategy introduces compounding error from the R-peak detection algorithm,
and it contributes to a lack of resilience in the model for ECG variability. There was also
some systemic bias witnessed in systolic estimations captured during walking and running,
which is potentially due to the lack of representation of reading data in high and low blood
pressure regions.

In the third stage of the BiometricNet a Siamese Neural Network (SNN) was applied
to compare a baseline for a patient against a point on the care timeline to predict
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patient deterioration and adverse clinical events. The SNN was demonstrated on the
PTB Diagnostic ECG Database137 (PTB) on the task of MI prediction. Performance of
the model was difficult to compare with predicate research, due to the differing number
of ECG leads evaluated and datasets utilized. In ongoing experiments, the BiometricNet
is being evaluated utilizing the extension of the PTB dataset (PTB-XL)189 with a 12-lead
configuration for a better comparison to predicate research. The SNN also currently
provides a determination on each 10 second segment of ECG, and with even with a low false
positive rate this will produce a considerable number of false alarms in a clinical setting that
could lead to alarm fatigue. As a triage tool, the BiometricNet ’s performance will need to
be tuned through the adaptive class weighting mechanism to ensure a sensitivity of 100%
and thus identification of all patients experiencing an acute myocardial infarction, which
will also negatively impact specificity and increase false positives. A secondary network is
to be investigated that will process individual determinations from the SNN and consider
them over time to reduce the false alarm rate to a practicable level.

An important aspect to consider for AI ethics is the constitution of the datasets
utilized for training and testing to identify underlying biases. These datasets must be fully
representative of the entire population they are supporting or there will be inequalities in
performance for the predictive models. All three stages of the BiometricNet were evaluated
utilizing public datasets, which are limited in size and diversity. The Pulse Transit Time
(PTT) PPG Database136 utilized for the continuous non-invasive blood pressure estimation
experiments for instance, lacks gender (27% female), age (mean of 28.52 years), and health
diversities (all healthy subjects). The MIT-BIH Arrhythmia Database134 is more gender
diverse (46% female), but with data primarily restricted to an elderly population (mean
age in years 63.67 ± 17.58 ). While cardiac arrhythmias are more prevalent in an elderly
population, it is critical that all aspects of a population are adequately represented in
the training and testing datasets to ensure there is consistent model performance for all
patients. An important next step for the BiometricNet will be to evaluate performance
on large, multi-site datasets to ensure that performance can generalize to diverse, unseen
populations.

4.3 Future Directions

As a comprehensive framework for detecting and predicting clinical events the BiometricNet
has many potential areas for further application. In this dissertation, the BiometricNet
has been demonstrated on the application of de-noising of ECG signals, the detection of
continuous, non-invasive blood pressure measurements, and the prediction of myocardial
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infarction. Future research directions will look to demonstrate the utility of the
BiometricNet for de-noising additional physiological signal modalities, as well as expanding
the types of clinical events that can be detected and predicted, while expanding the horizon
of event prediction.

The Ψ-GANDAE is the signal pre-processing network for the framework, which was
demonstrated in this thesis on the task of ECG signal denoising. Transfer learning will
be further investigated to demonstrate the application of the pre-trained Ψ-GANDAE to
other physiological signals. It is postulated that the non-stationary, sparse characteristics
of photoplethysmogram and continuous intra-arterial blood pressure measurements will
benefit from a model pre-trained on ECG data, with a similarity in artifacts due to motion
and respiration.

The BiometricNet utilizes a Siamese Neural Network to compare a baseline for a patient
against a point on the care timeline to predict patient deterioration and adverse clinical
events. This baseline is constructed from features extracted from physiological signals
by ResNet and BiLSTM architectures with Attention (RBLAN). In future work, the
feature extraction from physiological signals can be augmented with other data modalities,
including medical imaging and acoustic recordings of lung or heart sounds. The baseline
for the patient has also been envisioned in the initial implementation of the BiometricNet
as a single timeframe, which aligns well with a pre-surgical consultation period prior to
convalescence monitoring. However, a multiscale framework for reference time frames
will be investigated in future work, which would incorporate many reference points for
comparison at intervals of minutes, hours, or even days to amplify changes and increase
the prognostication window for adverse clinical events.

Sepsis is a critical medical condition that occurs as an immune response to an infection
and is a significant contributor to mortality in an ICU setting. The BiometricNet is
an ideal framework for developing a predictive model to detect and predict sepsis based
on the analysis of continuous, multimodal physiological signals. The MIMIC-III Clinical
Database193 contains records on 4,652 ICU admissions that last > 72 hours for 4,086
distinct adult patients with ICD-9 codes consistent with sepsis. Clinically, the Systemic
Inflammatory Response Syndrome (SIRS) Criteria defines vital metric measurements and
laboratory results where ≥ 2 indicate the onset of sepsis.194 The SIRS criteria can be
utilized in connection with the matched waveforms for each patient from the MIMIC-III
Waveform Database Matched Subset database193 to determine an onset time that can be
utilized to extract a timeline of adverse event data to create a meaningful training and
testing set. The BiometricNet will then be trained to determine the ability to predict
sepsis across a 72 hour event horizon.
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The absence of large data sets containing labelled, synchronized, continuous
physiological waveforms, remains a significant limitation to developing predictive models
of adverse health events. To address this limitation, a 20,000 patient study, called
VISION-2 has been developed by researchers at the Population Health Research Institute
and McMaster University that will follow patients for 30 days during post-surgical
convalescence, with high fidelity, multi-parameter vital sign monitoring.14 This will be an
international, multi-site study, with careful study design to ensure diversity and inclusion
in patient recruitment. The dataset captured during this study will serve to continue this
research with the application of the BiometricNet to predict common post-surgical adverse
events, such as myocardial infarction/injury, bleeding, sepsis, and delirium.
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Appendix B

Results of k-Fold Cross-Validation for
Ψ-GANDAE

118



Table B.1: Results of k-Fold Cross-Validation for Ψ-GANDAE on Muscle Artifact

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 10.41 10.02 8.21 8.19 9.20 8.32 8.79 10.05 9.95 8.70 9.18
RMSE 0.302 0.316 0.389 0.389 0.347 0.384 0.363 0.314 0.318 0.367 0.349

S-T 1.25 dB SNR 10.89 10.42 8.66 8.51 9.67 8.61 9.67 10.61 10.56 9.01 9.66
RMSE 0.286 0.301 0.369 0.375 0.328 0.371 0.329 0.295 0.297 0.355 0.331

5dB SNR 12.63 12.76 9.94 9.75 11.69 9.91 12.53 12.89 13.44 10.15 11.57
RMSE 0.234 0.23 0.318 0.325 0.26 0.32 0.236 0.227 0.213 0.311 0.267

0dB SNR 19.66 22.09 20.02 12.44 6.71 21.23 11.83 7.33 18.58 18.03 15.79
RMSE 0.044 0.040 0.050 0.100 0.182 0.044 0.096 0.149 0.055 0.066 0.083

WT 1.25 dB SNR 16.87 22.49 19.69 14.40 7.43 20.24 13.27 8.68 20.32 18.86 16.23
RMSE 0.060 0.039 0.052 0.080 0.167 0.049 0.081 0.127 0.045 0.060 0.076

5 dB SNR 15.79 24.11 18.81 19.15 11.14 16.51 18.94 14.55 21.41 21.14 18.16
RMSE 0.067 0.032 0.057 0.046 0.109 0.075 0.042 0.065 0.040 0.046 0.058

0 dB SNR 21.38 24.72 23.15 19.22 19.57 24.23 19.59 18.80 22.91 22.58 21.62
RMSE 0.034 0.030 0.035 0.045 0.040 0.031 0.038 0.039 0.032 0.038 0.036

I-DAE 1.25 dB SNR 22.41 24.86 23.27 20.22 20.02 24.49 19.78 19.63 23.41 22.60 22.07
RMSE 0.031 0.029 0.034 0.040 0.038 0.030 0.037 0.034 0.030 0.038 0.034

5 dB SNR 23.33 25.13 23.33 22.41 20.63 24.67 20.63 21.97 24.21 22.63 22.89
RMSE 0.027 0.028 0.034 0.031 0.036 0.030 0.034 0.027 0.028 0.038 0.031

0 dB SNR 28.68 24.20 22.03 27.91 28.83 27.28 26.13 28.62 31.57 27.84 27.33
RMSE 0.016 0.032 0.023 0.051 0.035 0.018 0.037 0.030 0.020 0.019 0.028

BGAN 1.25 dB SNR 29.29 25.28 22.01 28.54 29.04 27.22 26.13 28.34 31.43 28.46 27.55
RMSE 0.015 0.027 0.024 0.042 0.034 0.018 0.036 0.032 0.020 0.017 0.026

5 dB SNR 29.01 25.23 22.44 28.21 28.85 27.26 26.30 28.92 31.50 28.86 27.61
RMSE 0.016 0.028 0.022 0.045 0.035 0.018 0.035 0.029 0.019 0.017 0.026

0 dB SNR 22.14 17.96 13.09 21.64 19.20 20.32 21.65 22.30 26.28 25.52 21.01
RMSE 0.032 0.056 0.064 0.111 0.111 0.038 0.063 0.061 0.033 0.027 0.059

GANDAE 1.25 dB SNR 22.63 18.27 13.13 23.02 19.63 20.53 21.53 22.59 26.11 27.01 21.44
RMSE 0.030 0.053 0.066 0.085 0.105 0.037 0.061 0.061 0.035 0.021 0.055

5 dB SNR 22.87 18.29 11.04 22.78 19.75 20.70 22.19 22.53 26.40 26.97 21.35
RMSE 0.029 0.053 0.229 0.088 0.099 0.039 0.056 0.059 0.033 0.018 0.070
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Table B.2: Results of k-Fold Cross-Validation for Ψ-GANDAE on Electrode Motion Artifact

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 6.41 6.13 5.45 5.47 5.87 5.59 5.83 6.05 6.21 6.29 5.93
RMSE 0.478 0.493 0.534 0.533 0.509 0.525 0.51 0.498 0.489 0.484 0.505

S-T 1.25 dB SNR 7.47 7.35 6.4 6.32 6.96 6.47 7.06 7.17 7.45 7.48 7.01
RMSE 0.423 0.429 0.478 0.483 0.449 0.475 0.444 0.438 0.424 0.423 0.447

5 dB SNR 10.32 10.4 8.54 8.32 9.60 8.55 10.12 10.04 10.74 10.45 9.71
RMSE 0.305 0.302 0.374 0.384 0.331 0.374 0.312 0.315 0.290 0.300 0.329

0 dB SNR 9.51 21.47 9.34 9.63 9.71 18.29 15.02 13.15 18.11 11.99 13.62
RMSE 0.138 0.044 0.171 0.138 0.128 0.063 0.067 0.076 0.058 0.132 0.102

WT 1.25 dB SNR 10.37 23.08 9.65 10.56 9.51 20.30 15.80 13.85 21.10 12.93 14.72
RMSE 0.125 0.037 0.165 0.124 0.132 0.050 0.061 0.070 0.040 0.119 0.092

5 dB SNR 13.07 28.37 14.96 13.77 8.65 21.36 19.20 16.20 21.05 15.91 17.55
RMSE 0.091 0.020 0.090 0.086 0.145 0.043 0.040 0.054 0.029 0.084 0.068

0 dB SNR 22.75 23.70 23.39 21.34 17.70 23.47 19.33 18.38 23.17 22.40 21.56
RMSE 0.029 0.033 0.034 0.035 0.050 0.033 0.040 0.041 0.031 0.039 0.037

I-DAE 1.25 dB SNR 22.97 23.94 23.57 21.82 18.76 23.57 19.79 19.07 23.55 22.54 21.96
RMSE 0.029 0.033 0.033 0.033 0.042 0.033 0.037 0.038 0.030 0.038 0.035

5 dB SNR 23.45 24.66 23.65 23.08 20.81 23.66 20.69 21.01 24.00 22.81 22.78
RMSE 0.027 0.030 0.033 0.030 0.035 0.030 0.034 0.030 0.028 0.037 0.031

0 dB SNR 28.84 24.52 21.55 27.86 28.69 27.68 25.88 28.17 31.02 27.97 27.22
RMSE 0.017 0.033 0.027 0.050 0.035 0.017 0.038 0.032 0.024 0.021 0.030

BGAN 1.25 dB SNR 29.35 25.03 22.43 28.39 28.85 27.42 26.11 28.46 31.37 28.95 27.64
RMSE 0.016 0.031 0.026 0.043 0.035 0.016 0.037 0.032 0.022 0.020 0.028

5 dB SNR 28.56 24.69 22.00 27.70 28.75 26.72 25.77 28.27 31.17 27.35 27.03
RMSE 0.017 0.033 0.026 0.051 0.036 0.019 0.038 0.032 0.022 0.024 0.030

0 dB SNR 22.20 17.77 12.77 21.79 17.61 20.73 21.02 22.28 25.37 25.78 20.73
RMSE 0.033 0.058 0.066 0.112 0.140 0.037 0.067 0.063 0.041 0.024 0.064

GANDAE 1.25 dB SNR 22.64 17.96 13.13 22.66 19.23 20.27 21.49 22.73 25.80 26.47 21.24
RMSE 0.030 0.056 0.068 0.088 0.113 0.038 0.062 0.061 0.037 0.023 0.058

5 dB SNR 22.74 18.20 13.05 22.59 19.43 20.41 21.82 22.43 25.86 25.87 21.24
RMSE 0.029 0.055 0.069 0.097 0.111 0.038 0.060 0.059 0.036 0.023 0.058
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Table B.3: Results of k-Fold Cross-Validation for Ψ-GANDAE on Baseline Wander

Method Level Metric 103 105 111 116 122 205 213 219 223 230 Average

0 dB SNR 11.4 11.56 9.22 9.01 10.58 9.31 11.57 11.55 12.14 11.68 10.80
RMSE 0.269 0.264 0.346 0.354 0.296 0.342 0.264 0.265 0.247 0.261 0.291

ST 1.25 dB SNR 12.06 12.23 9.61 9.35 11.17 9.7 12.22 12.22 12.95 12.35 11.39
RMSE 0.249 0.245 0.331 0.341 0.276 0.327 0.245 0.245 0.225 0.241 0.273

5 dB SNR 13.54 13.77 10.41 10.04 12.38 10.46 13.77 13.65 14.8 13.89 12.67
RMSE 0.210 0.205 0.302 0.315 0.240 0.300 0.205 0.208 0.182 0.202 0.237

0 dB SNR 14.87 31.53 18.41 20.00 9.12 22.64 20.83 18.69 17.34 22.23 19.57
RMSE 0.074 0.014 0.060 0.042 0.138 0.037 0.034 0.040 0.063 0.041 0.054

WT 1.25 dB SNR 14.88 31.91 18.42 20.06 8.54 22.73 20.47 20.22 17.40 22.22 19.69
RMSE 0.074 0.013 0.060 0.042 0.147 0.037 0.036 0.034 0.063 0.041 0.055

5 dB SNR 14.90 32.71 18.43 20.10 8.22 22.91 19.11 21.44 17.51 22.18 19.75
RMSE 0.074 0.012 0.060 0.041 0.153 0.036 0.042 0.029 0.062 0.041 0.055

0 dB SNR 23.78 25.40 23.31 23.51 20.07 20.07 21.30 23.02 24.25 22.72 22.74
RMSE 0.026 0.028 0.034 0.027 0.050 0.050 0.032 0.024 0.027 0.037 0.034

I-DAE 1.25 dB SNR 23.82 25.42 23.32 23.59 20.08 20.08 21.36 23.31 24.41 22.74 22.81
RMSE 0.026 0.028 0.034 0.027 0.050 0.050 0.032 0.023 0.027 0.037 0.033

5 dB SNR 23.89 25.45 23.35 23.76 20.08 20.08 21.46 24.08 24.64 22.79 22.96
RMSE 0.025 0.027 0.034 0.026 0.050 0.050 0.031 0.021 0.026 0.004 0.033

0 dB SNR 29.99 25.08 22.70 28.54 29.40 27.76 26.61 28.82 32.00 29.09 28.06
RMSE 0.013 0.028 0.021 0.043 0.033 0.015 0.035 0.031 0.017 0.015 0.025

BGAN 1.25 dB SNR 30.35 26.01 22.85 28.65 29.40 28.32 27.20 28.87 31.88 29.10 28.32
RMSE 0.012 0.026 0.022 0.048 0.033 0.015 0.032 0.030 0.018 0.015 0.025

5 dB SNR 29.96 25.60 22.71 28.25 29.41 27.64 26.95 28.56 31.72 28.84 28.04
RMSE 0.013 0.028 0.022 0.051 0.033 0.017 0.032 0.030 0.018 0.016 0.026

0 dB SNR 22.82 18.42 12.82 22.88 20.30 21.07 21.64 22.45 26.08 25.54 21.40
RMSE 0.030 0.053 0.065 0.089 0.095 0.032 0.064 0.061 0.034 0.027 0.055

GANDAE 1.25 dB SNR 23.91 19.14 13.69 23.59 21.23 22.12 22.18 22.55 26.00 26.89 22.13
RMSE 0.025 0.049 0.061 0.095 0.085 0.029 0.056 0.062 0.036 0.018 0.051

5 dB SNR 23.77 18.79 13.44 23.43 20.58 21.96 22.29 22.65 26.32 27.12 22.04
RMSE 0.026 0.051 0.063 0.089 0.093 0.030 0.056 0.058 0.032 0.018 0.051
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