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Abstract

Intermittent pneumatic compression (IPC) is used in the management of vascular dis-
orders. IPC systems apply external pressure to the circumference of the leg to enhance
blood velocity (BV). Although IPC device performance can be evaluated by the induced
change in mean blood velocity (a representation of the device’s ability to vacate venous
blood from the legs), commercial IPC systems are often designed with the main considera-
tions of cost and size instead of performance. Previous studies have demonstrated that the
application of cardiac-gated compression further enhanced blood velocity (BV) compared
to fixed compression timing (CT). However, optimal CT, as a function of the cardiac cycle,
is not constant across individuals and may change over time. Additionally, IPC is often
being used over the course of days and weeks to promote blood flow. Consequently, at
the start of a therapy session, the optimal CT for an individual is unknown. Learning
the optimal CT for an individual will maximize BV and make the therapy session more
efficient. Current CT modelling methods for IPC are limited to predictions for a single day
and one heartbeat ahead, which is not sufficient for typical IPC usage since typical IPC
sessions last for 60 minutes and IPC is used over the course of days and weeks.

In this thesis a data-driven predictive model to simulate the blood flow response to
compression timing across two days was built. Furthermore, a deep reinforcement learning
agent learns the CT that maximizes blood flow for each heartbeat in a custom-built sim-
ulated environment. Finally, a deep reinforcement learning agent optimizes compression
timing with a human-in-the-loop.

In this thesis, six participants wore a custom IPC system and experienced random
cardiac-gated CTs for 1.5 hours per day for two days. Six user-specific nonlinear au-
toregressive models with exogenous inputs (NARX) were implemented using an artificial
neural network (ANN) to estimate the BV response to a CT. The BV response to a CT
is estimated using past inputs of BV, electrocardiography (ECG), and CT. The NARX
model is trained on the first session. This predictive model can be used online to estimate
the optimal cardiac gated CT for a therapy session. The mean R? for this model across
participants on the second session was 0.74 4+ 0.09 and the mean absolute error was ap-
proximately 3%, which is a reduction of only 11% compared to the first sessions, for both
metrics. This study is the first to show that BV across IPC sessions can be predicted using
a pre-trained model.

A deep reinforcement learning (DRL) algorithm learns the optimal compression timing
to maximize its cumulative reward, mean beat-to-beat mean blood velocity (BBMV). In
this work, participant-specific simulated lower limb environments were built, using the
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aforementioned NARX models, for six participants and show that DRL can optimize CT,
across 19 CTs, in an IPC framework. We show that the DRL agent can adapt to changes
in the physiological state unlike previous methods which employ fixed dynamics. The DRL
agent can learn an optimal policy in 15 minutes + 2 on average. The proposed DRL agent
can be implemented in IPC systems to rapidly learn the optimal CT with a human-in-the-
loop. This is particularly valuable as the ideal C'T is unknown at the outset of a therapy
session, and learning it maximizes the benefit of therapy.

It is shown that a DRL agent can optimize IPC CT with a human-in-the-loop within a
60-minute therapy session. This study included 10 participants. To observe learning within
60 minutes, the DRL agent optimizes across two cardiac gated CTs, diastole and systole.
The DRL agent state is composed of previous heart rate and BBMV information. The
utilized reward function incentivizes constant increases in BBMV to achieve agent conver-
gence. The DRL agent converged to diastole CT at each heartbeat across 10 participants,
selecting diastolic compression 83 % =+ 9 of the time. The mean difference in blood velocity
between the DRL CT and cardiac-gated diastolic CT was -0.09 cm/s £+ 0.09 (-4% + 4).
This DRL agent is the first of its kind to optimize IPC CT with a human-in-the-loop.
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Chapter 1

Introduction

Deep vein thrombosis (DVT) is a condition where clots form in the deep veins, commonly
in the calf, principally caused by surgery, reduced mobility, and cancer [69]. A conservative
estimate placed annual American health care costs associated with DVT, and its subse-
quent complications, between $7 and 10 billion [11]. Peripheral arterial disease (PAD) is a
chronic atherosclerotic cardiovascular disease where narrowing or blockages of the periph-
eral arteries limit blood flow to the legs. On average, annual American healthcare costs for
those with PAD are $7000 greater than those without [106] and one in every 20 Americans
over the age of 50 has PAD [90]. Intermittent pneumatic compression (IPC) is commonly
used to prevent DVT and PAD in clinical settings [1 13, 36], and has also been shown to be
beneficial for exercise recovery [131] and reducing the effects of orthostatic stress [139, 34].

IPC systems mimic the natural increased blood flow from the muscle pump action by
applying external pressure to the circumference of the leg. IPC has been shown to enhance
lower limb blood flow in healthy subjects and those with arterial disease [123, 85]. It has
been hypothesized that this increase in blood flow is how IPCs prevent DVT [85, , 56].

1.1 Motivation and Objectives

This thesis introduces a novel IPC timing strategy that optimizes blood flow for an in-
dividual. Commercial IPC systems generally compress, at most, once a minute, and are
often designed with the main considerations of cost and size instead of effectiveness or
efficacy [103]. Previous research in IPC optimization has focused on venous refill time, the
time required for veins to refill after blood has been evacuated to the rest of the body, as



a metric to control IPC compression timing (CT) and improve blood flow. However, this
method increases peak blood velocity and there is no evidence to suggest that peak veloc-
ity is a valid metric for DVT prevention [35]. Recent research has shown that by timing
compression with respect to the cardiac cycle, applying compression approximately 60 to
100 times per minute, there is a significant increase in arterial blood flow in comparison
with commercial devices [26]. In this study, the compression rate of the other devices was
1/minute, 0.8/minute to 1.9/minute (dependent on vascular refill time), and 1/minute. A
study by Landry et al. showed that applying compression at different points in the cardiac
cycle yields a different response across individuals [63]. These differences in blood flow
response complicate the process of finding the optimal CT for enhanced blood flow, which
also can vary with physiological state [63]. If the optimal CT can be applied during a
therapy session, where compression is applied for 60 minutes, then blood flow for an indi-
vidual to optimize the treatment can be maximized and thus therapy efficacy improved or
therapy time potentially reduced.

It is hypothesized that deep reinforcement learning (DRL) can determine the CT that
will yield increased blood flow compared to fixed timing for an individual over the course
of a 60-minute therapy session. The goal of a DRL agent is to map states to the optimal
actions that maximize a designed reward function, based on the measured blood flow.
Interacting with the environment, the agent learns the optimal actions for different states.
In this setting, the agent observes a state (an individual’s physiological state) and selects
an action (a CT) to maximize the reward, which is related to the individual’s blood flow.
To achieve this goal, three objectives are defined.

1. Create a data-driven predictive model to simulate blood flow from electrocardiogra-
phy (ECG) and compression signals.

2. Build a DRL agent that learns the CT that maximizes blood flow for each heartbeat.
This agent will be tested on simulated data produced using the data-driven model in
Objective 1.

3. Test and verify the DRL agent developed in Objective 2 on healthy human partici-
pants.

1.2 Thesis Outline

Chapter 2 presents a review of the literature relevant to cardiovascular physiology, IPC
systems, data-driven models, and reinforcement learning (RL). The core contributions of
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this thesis are presented in Chapters 3 to 5. In Chapter 3, a model tracks blood flow
during compression over two days. Chapter 4 introduces a custom lower limb simulated
environment where it is demonstrated that a DRL agent can optimize mean blood flow
faster than previous methods. In Chapter 5, a DRL agent is trained to optimize blood
flow with a human-in-the-loop. Chapter 6 presents the major conclusions drawn from this
work and discusses directions for future research.



Chapter 2

Literature Review

This chapter introduces the background needed to understand and optimize IPC devices.
First, an overview of the cardiovascular system and common physiological sensors are
presented. Second, IPC systems and optimization are discussed. Third, data-driven models
are explained in the context of this research project. Last, a review of RL theory and RL
applied to physiological systems is presented.

2.1 Cardiovascular Physiology and Physiological Mea-
surements

2.1.1 Vascular Circulation

The content in this section is based upon the textbook by Silverthorn [112]. The main
function of the circulatory system is to transport oxygen and other vital materials to cells
in the body. It consists of two circulatory loops; the pulmonary and systemic circulation
systems. The pulmonary system sends deoxygenated blood from the right ventricle of
the heart through the pulmonary arteries to the lungs for oxygenation. Afterwards, the
oxygenated blood travels through the pulmonary veins to return to the left atrium of the
heart. Blood then travels to the left ventricle of the heart, which pumps this oxygenated
blood to the systemic circulatory system. In the systemic loop, arteries carry oxygenated
blood from the heart to the body. Veins return deoxygenated blood from the tissues to the
right atrium of the heart, which feeds the right ventricle and the circulatory loop continues,
as shown in Fig. 2.1,
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Figure 2.1: Overview of the circulatory system. Image by Anatomy & Physiology, Con-
nexions Web site, is licensed under CC BY 3.0. [11].
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Figure 2.2: Mean systemic blood pressure at various locations along the circulatory system.
Image by Anatomy & Physiology, Connexions Web site, is licensed under CC BY 3.0. [16].

Contraction of the left ventricle produces a pressure wave that drives arterial blood
flow. The cross-sectional area of the vessels also increases dramatically from the aorta
toward the micro-circulation. Also, veins are much more compliant. Thus pressure inside
them is lower compared to the arteries, see Fig. 2.2.

Veins are 10 to 20 times more compliant than arteries [33] and hold 60 to 70% of the
body’s blood volume [32]. When an individual is standing, gravity shifts blood volume
towards the lower body. The veins act as a reservoir and blood pools in the lower limbs.
One method to act against this pooling is the muscle pump action, see Fig. 2.3. During
ambulation, the calf muscles contract which applies force on the compliant veins [12].
During muscle contraction there there is expulsion and central mobilization of peripheral
venous blood, which promotes venous return and increases both stroke volume and cardiac
output. Valves in the veins prevent back flow, since venous flow is not primarily driven by
the pressure of the cardiac cycle. The muscle pump also is also hypothesized to increase
blood blood flow in the active muscle within 1 second following a single contraction. This
increase may be because the muscle pump results in decreased venous pressure which
increases the pressure gradient across the muscle vascular bed.

2.1.2 Electrocardiography

The content in this section is based upon the textbook by Silverthorn [I12]. An ECG is a
recording of the summed electrical activity generated by the cells in the heart measured by
electrodes on the skin surface, a typical signal is shown in Fig. 2.4. The two main elements
of an ECG are waves and segments. Waves are sections of the signal that are greater than
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Figure 2.3: Calf compressing the veins to promote venous blood flow (muscle pump). Image
by Anatomy & Physiology, Connexions Web site, is licensed under CC-BY-3.0. [15].

or less than the baseline; segments are the parts of the baseline in between waves. Heart
rate (HR) can be timed from peak of one R wave to the subsequent R wave peak, also
referred to as the RR interval. The R wave peak is chosen because of its prominence. Each
cardiac cycle has two phases: diastole, when the cardiac muscle relaxes and refills with
blood, and systole, when the muscle contracts and pushes blood out of the heart. These
cycles are shown in Fig. 2.4.

A healthy heart does not maintain a constant HR [107]. This variability between
successive RR intervals is called heart rate variability (HRV). HRV reflects the body’s
ability to maintain homeostasis (i.e., adjust to changes in the tissue or cell environment. HR
is impacted by the sympathetic and parasympathetic nervous systems. During inspiration,
HR increases and during expiration it decreases. Sympathetic activity increases HR while
parasympathetic does the opposite. By taking the fast Fourier transform (FFT) of the
HRV signal, the HRV signal can be decomposed into different frequency bands. The
high frequency (HF) band, 0.15 to 0.4 Hz represents parasympathetic activity. The low
frequency (LF) band, 0.04 to 0.15 Hz, may be produced by both parasympathetic and
sympathetic activity [91, 68], or by primarily the parasympathetic nervous system [96] or
baroreflex activity alone [37].
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2.1.3 Measuring Blood Velocity

Often, IPC performance is evaluated by superficial femoral arterial blood flow. Arterial
blood flow is assumed to be proportional to blood velocity (BV), as previous studies have
shown that arterial diameter is not impacted by IPC [111].

Doppler ultrasound can measure instantaneous BV [28]. A high frequency wave, f is
beamed into the blood stream. The frequency of the back scattered wave is shifted in
frequency by f; by moving red blood cells. BV can be calculated by using the following
equation from [51]:

fac

BV = 2f cos(6y)

(2.1)

where ¢ is the speed of sound in the scattering medium, f is the emitted beam frequency,
and 6, is the beam-vessel angle. The equation shows that when 6, is smaller than 60°,
uncertainty in its value does not impact the velocity as much as when 6, is greater than
60°. For example, a 5° error in estimating the Doppler angle at 60° will cause a 5.4% error
in the velocity calculation. However, at 60° this error increases to 12% [73].

The superficial femoral arterial (SFA) BV signal has two phases, systole and diastole.
It is common to characterize systole as from the foot of the wave to the dicrotic notch and
diastole as from the dicrotic notch to the foot of the next BV waveform. A sample common
carotid arterial BV signal obtained with a Doppler ultrasound device is shown in Fig. 2.5.

2.2 Intermittent Pneumatic Compression

This section discusses two types of mechanical compression applied to the lower limbs,
passive and active compression. These compression systems aim to enhance arterial blood
flow.

2.2.1 Passive Compression

Passive compression systems are either bandages, applied in a manner to achieve graduated
compression (GCS). The mechanism of action of these systems is to apply the greatest
amount of compression at the ankle and decrease compression proximally. This pressure
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Figure 2.5: Sample common carotid arterial BV signal measured with Doppler ultrasound.
Image is by Daniel W. Rickey and is licensed under CC-BY-SA-2.5 [95].

gradient intends to promote venous blood flowing towards the heart instead of pooling in
the foot.

Compression garments are used by patients in hospital settings to treat lymphatic
and venuous insufficiency [120], along with those seeking increased blood flow for exercise
recovery [75]. While these garments have been shown to be effective at treating patients
with venous leg uclers [33], previous work has shown that these garments impact neither
the blood flow nor muscle oxygenation in healthy participants [9] and their effectiveness
at treating venuous thromboembolism is unclear [19]. Another limitation is that these
garments must be properly fitted, otherwise they can cause discomfort or in the worst
case, skin necrosis [13].
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2.2.2 Active Compression

IPC is an active compression therapy that has been shown to enhance blood flow and be
effective in preventing DVT [35]. TPC devices consist of pneumatic cuffs that wrap around
the lower limb to apply compression. Device design varies across manufacturer from cuff
coverage (calf alone, calf and thigh, calf and foot), pressure applied (80 to 120 mmHg)
[119], and compression timing. Cuff inflation can be slow and last 10 to 12 seconds or be
fast and take place within 0.3 to 0.5 seconds [78]. Peak cuff inflation can be held for 1
to 13 seconds [119]. These devices generally employ “fixed timing”, where compression is
applied with a set frequency, often 1 to 3 times per minute.

Recent studies have focused on implementing “smart timing” algorithms to enhance
the blood flow response to IPC. For example, the Kendall SCD Express (Cardinal Health,
USA) IPC estimates the venous refill time by measuring an individual’s calf circumference
during calibration and uses this value to control compression timing [50, 55, 81]. When
compared against other IPCs that use slow inflation and long compression periods, and
rapid inflation and short compression periods, the Kendall SCD resulted in a increased
venous flow over a longer time period [10, 55].

2.2.3 Cardiac-Gated Compression Timing

A promising strategy to augment arterial blood flow with IPC devices is to use a measure-
ment of the cardiac cycle to control CT, referred to as cardiac gated compression (CGC).

Tochikubo et al. developed an IPC device (PS-AM) that triggers compression in dias-
tole at each heartbeat based on an earlobe photoplesthymography (PPG) signal [120)].

Peripheral venous blood flow, measured by using a laser Doppler flow meter attached
to the underside of the third toe, was evaluated for 3 conditions: no compression; PS-
AM at 1 second intervals; and PS-AM with cardiac synchronized compression. When
compression was applied for 15 minutes in a supine position the reported increases in blood
flow, compared to no compression, for PS-AM at 1 second intervals and PS-AM with cardiac
synchronized compression were 23% and 65%, respectively. While compression occurs
within diastole, details about the timing with respect to local blood flow, as a percentage
of the local blood pulse, were not reported. Specifically, whether the compression occured
at the beginning of diastole, or the end of diastole is unknown. They also reported a
positive relationship between the percent increase in blood flow and the percent increase
in the HF band power of the ECG signal between no compression and compression.
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Jonas et al. [53] compared the impact of a cardiac gated pulsating suit, Stendo, (Stendo,
France) to a typical IPC device (TP05 or TP0O7 Eureduc, France) for decreasing total
limb volume in lymphedema patients. The Stendo device covers the entire lower body and
abdomen and consists of 12 compartments that pulsate sequentially (distal to proximal). A
compression cycle completes within a heartbeat and compression is timed to the beginning
of diastole based on finger PPG. However, more details about compression duration and
exact CT were not provided. The typical IPC device had 40-second inflate and 21-second
deflate periods. In the study, patients were in supine position and compression was applied
for 1 hour a day for 5 consecutive days. Stendo patients experienced a greater decrease in
total limb volume (11.2% versus 8.8%) and they reported a larger increase in quality of life
compared to the typical IPC patient group. A limitation of the Stendo suit is that local
blood flow cannot be measured during a therapy session because the entire lower limb is
covered by the suit. Consequently, forearm blood flow [97] is used to measure the blood
flow in studies. While both the PS-AM and Stendo devices use cardiac gated compression
timing, neither system applies compression in local diastole.

The CGC, a custom-built device made at the University of Waterloo that is used in this
thesis, is a rapid-inflation IPC device that applies compression in local diastole based on a
measurement of the local blood pulse. The CGC device consists of five cuffs, each encasing
a separate air bladder, that inflate sequentially from ankle to knee. The compression cycle
lasts < 200 ms so that a compression cycle can be completed within diastole. Average
resting HR for a healthy individual is often between 60 to 100 beats per minute (BPM)
[102]. For HRs of 60 bpm, 80 bpm, and 100 bpm, the RR interval spans 1000 ms, 750 ms
and 600 ms, respectively. The length of diastole for these HRs is approximately 750 ms,
560, and 450 ms, respectively.

Two studies investigated the application of IPC with the CGC device with exercise.
The studies tested the hypothesis that [PC with the CGC device would enhance blood flow
during light exercise (single-leg plantar flexion exercise) and post exercise recovery [110]

and walking and post walking recovery [111]. These studies showed that the CGC device
augmented exercise and post exercise SFA BV [110, | and tissue oxygenation during
recovery [111].

Two studies assessed the impact of IPC with the CGC device to reduce orthostatic
stress [139, 31]. Gibbons et al. found that CGC of the lower legs after an active orthostatic
exercise enhanced local, central, and cerebral hemodynamics in healthy participants [31].
Zuj et al. found that CGC of the lower limbs had the potential to be a therapeutic tool
for individuals vulnerable to orthostatic stress [139].

Another study compared four different IPC devices each with different compression cy-
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cles. Three devices are from the manufacturers ArjoHuntleigh (Flowtron ACS800), Kendall
(SCD Express), and DJO Global (VenaFlow Elite) respectively, whereas the other device
is an aforementioned device made at the University of Waterloo (CGC). The Flowtron
and VenaFlow both apply compression once every minute. Alternatively, the SCD applies
compression based on venous refill time and the CGC applies compression based on the
cardiac cycle. The cuffs of these four devices inflate sequentially, from ankle to knee, ex-
cept for the Flowtron, which applies uniform compression. The Flowtron and SCD both
use slow inflation, inflation lasting more than 10 seconds, while VenaFlow and CGC use
rapid inflation, inflation lasting less than 10 seconds. The CGC device increased SFA BV
compared to the aforementioned commercially available IPCs [26]. This study also found
that the SFA BV had the greatest increase, compared to no compression, when participants
were in seated position compared to supine.

Landry et al. [03] investigated the SFA BV response to different CTs within a heartbeat
since previous pilot studies suggested that the response to a particular CT was not the
same across individuals. However, the underlying hemodynamics that govern the optimal
CT for an individual are unknown and further data collection was required. Using the
rapid-inflation CGC device, 20 random CTs where applied to four individuals for 1 minute
each, followed by 5 minutes of no compression, and then 10 random CTs for 1 minute
each. CTs are defined by the start of inflation. The results suggested that the optimal
CT, as defined by SFA beat-to-beat mean blood velocity (BBMV), was not constant across
participants and may change over time.

2.3 Data Driven Models

System identification (SI) is concerned with building mathematical models of dynamic
systems by using measurements from the system [72]. Machine learning (ML) and SI are
often confused and there is a lack of a definitive distinction between these two methods.
In this document, both will be referred to as data-driven models.

Data-driven models can broadly fall into two approaches: supervised and unsupervised
learning. Supervised learning uses a dataset where the input data is paired with the
desired output. The algorithm aims to create a model that learns the relationship between
the inputs and outputs of this data and make predictions of the output for the inputs
of a new dataset. The two types of supervised learning are classification and regression.
Classification outputs discrete variables, these are often referred to as labels, whereas
regression outputs a continuous variable. Unsupervised learning is used to analyze and
draw inferences about datasets that have unknown outputs. Clustering is the most common
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type of unsupervised learning where the goal is to find hidden groups or patterns in the
data.

This document focuses on regression models learning dynamical systems. To that end,
auto-regressive models and neural networks are discussed. Physiological signals like HR [3]
and blood flow [57] have been shown to have auto-correlation. Auto-regressive networks
are designed to model signals with auto-correlation. Additionally, recent advancements
in data-driven models have shown excellent performance in characterizing physiological
signals with artificial neural network (ANN)s [64, 46].

2.3.1 Autoregressive Networks

The information in this subsection is summarized from [$6]. Many measured time series
have serial autocorrelation, a linear relationship between lagged observations. This linear
relationship suggests that past observations may predict future observations and forms the
basis of autoregressive (AR) models. These models are commonly expressed as:

y(k) = —ayy(k — 1) — ... — apy(k —m) + v(k) (2.2)

where k is the discrete time, y is the output time series, y(k) is the k* sample of said time
series, v(k) is the noise, a; to a,, are the coefficients, and m is the order of the time series.

The most common linear dynamic model for time series is the autoregressive exogenous
input (ARX) model. This is an extension of the AR model with an external input. The
ARX model is commonly expressed as:

y(k) =biu(k —1) — ... = byu(k —n) —ayy(k — 1) — ... — a,y(k —m) + v(k) (2.3)

where u(k) is the exogenous input, b; to b, are the coefficients, and n is the order of the
exogenous time series.

While other more complicated approaches exist, like autoregressive moving average
(ARMA) models and autoregressive moving average with exogenous inputs model (AR-
MAX), the ARX model is commonly used because the parameters are easy to compute.
These parameters can be solved with linear least squares estimation (LSE). However, LSE
is too computationally expensive to solve ARMA and ARMAX models. Ridge regression,
lasso, and instrumental variable estimation are other methods to solve ARX and ARMA
models. LSE for an ARX model uses the following equation:
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0=(XTX)XTy (2.4)

where y is the vector of the desired time series output, also called the labelled data. ¥ is
the best estimate of y using least squares y = X ©. X is the regression matrix, where each
row is composed of the inputs to the model u(k — 1), ...,u(k —n),y(k —1),...y(k —m), see
equation. 2.3. © is the optimal estimate of the ARX model coefficients b1, ..., by, a1, ..., Gm.

LSE can solve equation 2.4. However, inverting the Hessian (X' X) can be computa-
tionally expensive when the number of coefficients is large because the size of (X' X) is
(m+4n) x (m+n). Iterative methods, like gradient descent, are commonly used in these
situations. The intuition behind gradient descent is to use the derivative, which gives
information about how to change the input, x, to create a small improvement in y [33].
Consequently, the error of the output is reduced by moving is small steps with the opposite
sign of the gradient. Fig. 2.6 shows how gradient descent reduces error when used with a
simple equation, until the error is at a minimum. Additionally, LSE can generate biased
results for these models. A standard approach to this problem is instrumental variables
estimation.

An important consideration when building ARX models is which delayed inputs to
include, as determined by the values of m and n in equation 2.3. Autocorrelation, cross-
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correlation and mutual information can help inform these decisions. In practice, succes-
sively including greater delays and observing the results is often and successfully employed.

While AR models can generalize a system’s behavior, to achieve this goal models must
balance bias and variance. Increasing the model complexity, such as increasing the em-
bedded dimension, can result in overfitting. An overfit, or biased, model performs well on
the training data, however preforms poorly when presented with unseen data, or test data.
Alternatively, a model with low bias will have similar performance for training and unseen
data. Fig. 2.7 presents this trade-off, where the optimal complexity for a model balances
both bias and variance.

2.3.2 Artificial Neural Networks

The information in this section is summarized from [38]. This subsection describes the
structure of ANNs and how to train these models. The aforementioned AR models are
linear models. However, time series with lagged observations that have non-linear rela-
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Figure 2.8: Typical feedforward neural network structure where information flows from
bottom to top. The left shows the two inputs, x; and x5, separately while the right side
shows the inputs as one vector x.

tionships can also be modelled using non-linear methods by using an ANN. An ANN is a
collection of neurons that work together to optimize a function. A common feedforward
ANN architecture is a multi-layer perceptron, see Fig. 2.8. Generally, the goal of this ANN
is to optimize some function f*. For example, a regression model, y = f*(x) maps an input
X to a continuous variable y. A feedforward network learns a mapping y = f(x; ) and the
parameters, 6, that result in the best function approximation. These are called feedforward
models because information flows in the forward direction, no feedback loops exist in this
architecture. These feedforward ANNs can have multiple layers, which define the depth
of the model. The first layer of a feedforward ANN is the input final, the final layer is
output layer and any layers in between are the hidden layers (h is a hidden layer in Fig.
2.8). During training, the goal is produce agreement between f(x), the output of the ANN,
and the optimal solution, f*(z). Training data provides noisy, approximate examples of
f*(x) from different points in the input space along with their labels y ~ f*(x). Generally,
feedforward networks can be thought of as function approximation systems that aim to
achieve statistical generalization.

Deep learning aims to learn y = f(z;0;w), where § and w are parameters to help
learn the non-linear mapping f that best matches f*. In Fig. 2.8 the hidden units can
be computed by h = f1)(2; W, c) where W are the weights and c are the biases. These
hidden units serve as inputs for the second layer, which in this case is the output layer.
The mapping for the second layer can be computed as y = f® (h; w,b). When combined,
the mapping reads as f(x; W,c,w,b) = f@(fM(z)). In Fig. 2.8, vector W describes
the mapping from x to h, and a vector w describes the mapping from h to y. The non-
linear functions f() and f® are called activation functions, g. This activation function is
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often applied element-wise, h; = g(z"W.; + ¢;). W is a matrix where the number of rows
corresponds to the number of neurons in the previous layer and the number of columns
corresponds to the number of neurons in the next layer. Consequently, W.; refers to
the column of the weight matrix that corresponds to the given output neuron, h;.Hidden
layers often employ sigmoidal, hyperbolic tangent (tanh) or rectified linear unit (ReLU)
activation functions. Output layers generally employ linear activation.

For a simple problem with a limited number of hidden layers and few training examples,
it is possible to find the parameters, W and c, that optimize the problem by hand. However,
in applied problems with potentially billions of model parameters and training examples,
a gradient-based optimization algorithm, like steepest descent or gradient descent, is a
practical method to learn the parameters that result in minimal error. The global minimum
is the point that obtains the absolute lowest value of f(z). There is no restriction on the
number of global minima for a given function. For a model with many parameters, finding
the global minimum is very difficult. Since there is often a value of f that is low, but not
necessary the minimum that produces good performance; this is often the end result of
ANN training.

When training an ANN, the input, x, provides the initial information that flows through
the hidden units at each layer to produce the output y, this is called forward propagation.
The z produces a scalar cost, J(6), that is based on the difference between the estimated
output ¢ from input x and the labelled output y from the training data set. Back prop-
agation allows the information from the cost to flow backwards through the network to
compute the gradient, which is then used to update the network parameters.

The learning rate, a positive scalar, is used to determine the rate of change in the
parameters of the ANN that is proportional to the computed gradient. A constant learning
rate forces users to sacrifice speed or performance, since a small learning rate will require
many training iterations to converge whereas a larger learning rate may not be able to
converge to a local minimum.Consequently, researchers have developed adaptive learning

rates optimizers like ADAGRAD [21] and Adam [61].

Hyperparameters, parameters whose value controls the learning process, are important
to model performance. In research, these values are often tuned to achieve a desired
result. Examples of hyperparameters include the aforementioned 7 and the optimizer
(ADAGRAD, Adam etc). Another hyperparameter is the minibatch size, or batch size.
Optimizers often compute the update to the model parameters based on a subset of the
training data, because this method is less computationally expensive than evaluating the
model on every example in the training data individually. The number of examples in this
subset is referred to as the batch size. A smaller batch size may be biased towards the last
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Figure 2.9: Training and validation set loss during ANN training.

subsets, whereas a larger batch size is more likely to get stuck in a local optima.

During ANN training, the goal is to minimize the cost function. However, this can
lead to over fitting, where the learned parameters, ANN weights and biases, perform well
on the training data but poorly on unseen data. To this end, many techniques split the
training dataset into three parts, training, validation and test. During training, the ANN
is trained on the training set and is also evaluated on the validation set. When the error
of the validation set is at a minimum, ANN training stops to prevent early stopping. An
example of overfitting is seen in Fig. 2.9 where the ANN training loss consistently decreases
over time, but the validation loss eventually begins to increase over time, resulting in an
asymmetric U-shaped loss curve. The performance is reported on the test set.

This section focused on feedforward ANNs. There exists another family of ANNs,
termed recurrent neural networks (RNN)s. RNNs are built to process a sequence of val-
ues (1, .27 because they can recognize sequential patterns in the presence of sequential
distortions. RNNs have recurrent connections, see Fig. 2.10, that allow a memory of a
previous input to persist in the network’s internal state. [39].

Similar to an RNN, there exists nonlinear autoregressive networks with exogenous in-
puts (NARX). The information presented regarding NARX models is summarized from
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layer makes this an RNN.

[L14]. These models are defined as:

y(t) =gyt —1), ...yt —ny),u(t — 1), ..., u(t —ny)) (2.5)

where u(t) is the input and y(¢) is the output. n, and n, are the input and output order,
respectively. Fig. 2.11 shows a diagram of a NARX model.

NARX has a feedback connection from the output to the input whereas an RNN has
connections only amongst neurons in the hidden layer. Generally, NARX can be trained as
a feedforward ANN, where the measurements are fed as inputs and the estimated output is

Figure 2.11: A NARX model. The feedback connection shows how the output is fed back
to the input.
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compared with the corresponding measured output. When used to estimate future values,
the NARX outputs can be fed back to the model to continue estimating the sequence.

2.3.3 Modelling Blood Flow

Most approaches that use data-driven models to model blood flow involve imaging blood
flow with magnetic resonance or computed tomography. Generally, these studies often
focus on modelling blood flow for one individual. Sun et al. [l 15] predict intra-cardiac
blood flow for individuals at rest using long axis cine magnetic resonance imaging with
a convolutional neural network (CNN) and validate their results with 4D flow magnetic
resonance images. The CNN shows a negative bias, the model predicts velocity than is 30%
lower than the measured values. Zhang et al. [130] build a venous finite element model
(FEM) for blood flow using computed tomography images from a rabbit. The computed
tomography image provided the dimensions of the veins which is necessary for the FEM.
The imaging required for both of these methods is resource intensive if building a user-
specific blood flow estimation model for a group of participants. However, because blood
flow is related to the size of an individual’s arteries and veins, these imaging approaches
are commonly used in the literature.

Landry et al. predicted BV one heart beat ahead using a NARX model [63]. The data
collection protocol is described earlier in this chapter, see section 2.2.3. In this work, a
nonlinear autoregressive neural network (NAR) model was trained to predict future ECG
using past inputs of ECG and a NARX model was trained to predict future BV using
past inputs of BV, applied pressure, and the predicted ECG from the NAR model. This
model was trained using 19 minutes of collected data. The NAR model could not accuracy
predict the following ECG R-wave, though it had good performance up to that point.
Consequently, the predictions were limited to one heartbeat ahead. When predicting BV
the model showed good qualitative performance, in that the NARX model could follow
changes in the BV shape for different CTs. The mean R? for the BBMV was 0.76 4+ 0.11
across the 4 participants. The NARX model also has good performance when comparing
the mean BBMV for different CTs across participants. A limitation of this study is that
only 1 minute of each CT was included in the data collection, and consequently the model
training data. It is unknown if 1 minute of the BV response to a given CT is enough to
capture the response or if a longer time period is required. The NARX model presented
in this study showed that BBMV can be modeled using a nonlinear function of past ECG,
applied pressure, and BV.
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Figure 2.12: The agent—environment interaction in a MDP.
2.4 Reinforcement Learning

The information herein is summarized from [116]. RL is learning how to map a situation
to an action to maximize the cumulative reward. During training there are no explicit
instructions for behavior, rather this mapping is learned by interaction with the environ-
ment.

RL problems are formulated as a Markov decision process (MDP); a mathematical
framework of sequential decision making. The agent is the learner and it interacts with the
environment. In addition, there are three other main elements of an RL system: (1) policy
m; (2) reward signal R;; and (3) value function V. The policy, 7 defines how the agent will
behave at a given time step; it maps observations to states. The agents’ objective is to
maximize the reward, R; that it receives from the environment and the reward is also a key
signal in the policy update. For example, if the policy selects an action which is followed by
a high reward, the policy may be updated to select that same action in that same situation
in the future. The value function, V™ (s), tells us, starting from state s and following policy
7, the cumulative reward the agent can expect. While a reward evaluates the immediate
quality of a state, value functions evaluates a state’s long term quality considering likely
future states. In an RL problem, the agent should be able to observe its state within the
environment; a measurement of how the environment is at a particular time step. DRL
uses an ANN to approximate the policy or value functions.

At each time step, the agent observes its state, S; and selects an action A;, the environ-
ment responds by updating the agent’s state, S;41 and giving a reward R;,; to the agent.
Fig. 2.12 presents the agent-environment interaction in an MDP.

Consider the task at hand, maximizing BBMV by selecting the optimal CT. To for-
mulate it as an MDP, the environment is the lower limb physiological environment. The
action is the CT selected by the agent at each heartbeat such that average BBMV > R; is
maximized over an episode. A state representation could include information about HR,
BBMYV, and previous CT selection.

MDPs assume that the agent can observe the entire state. However, physical systems
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have noisy sensors or signals that cannot be observed such that the MDP assumption fails.
To solve this problem of uncertainty in observing the environment, partially observable
Markov decision processes (POMDP)s are a mathematical framework of sequential decision
making under uncertainty [93]. In a POMDP, the assumption made in MDPs that the entire
state can be observed is relaxed. Instead agent receives some observation, that either does
not include the entire state or the observation is correlated with the state. This uncertainty
makes these problems more challenging to solve and is an ongoing area of research [92, 1].

2.4.1 Reinforcement Learning Algorithms

This subsection summarizes information presented in [134, 1]. There exist many methods
to solve RL problems. While there is no universal taxonomy for RL algorithms, we will
attempt to classify the different algorithm types for clarity. Broadly, RL algorithms can
fall into 2 categories, model-free and model-based. The model refers to the dynamics
of the environments, the transition probabilities, and the reward function. In a model-
based environment, the agent either has access to a model of the environment or this
model is learned through interaction. For example, the AlphaGo algorithm uses the rules
of the game Go such that the agent knows the true environment. A benefit of model-
based RL algorithms is that the agent can plan ahead. The limitation is that often,
and especially for real-world environments, the agent cannot access the true environment.
Consequently, during training the agent can capitalize on biases in the learned model such
that when deployed in the real world, agent performance is suboptimal despite optimal
performance in simulation. Because of the challenges associated with deploying models
trained in simulated environment in the real world (sim-to-real), model-free methods have
grown more popular in recent years.

Within model-free methods, there exist two categories, policy-based and value-based.
In policy-based methods, the algorithm optimizes the parameters, 0, of the policy my(als).
Often, these are on-policy methods, that is, each update uses data that is collected by
acting according to the most recent version of the policy. This method provides stability
because policy updates use the most recent data. Common policy-based methods include
trust region policy optimization (TRPO) [103] and PPO [101].

Value-based methods learn an approximator for the optimal action-value function,
Q(s,a). Typically, these methods optimize based on the Bellman equation and the op-
timization is performed off-policy. In off-policy methods, each update uses data that can
be collected at any point during training, regardless of the policy used to collect that data.
The policy is obtained by the relationship between ) and w. Value-based methods are
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more sample efficient than policy-optimization methods since data can be reused, however
this benefit comes at the cost of stability [I17]. In Q-learning, the policy can be obtained
from the relationship between QQ* and 7*. The Q-learning agent selects actions using the
following equation:

a(s) = argmax Qy(s, a) (2.6)

a

The update for Q-learning is given by:

Q(Sy, Ar) = Q(Si, Ar) + a[R; + ymax Q(Sp41, A1 — Q(Sy, Ay)] (2.7)

Common examples of value-based methods include deep Q-networks (DQN) [$2] and cat-
egorical DQN (C51) [7].

Policy-optimization methods and Q-learning methods can sometimes overlap. These
methods can combine the benefits of value-based and policy-based methods by using the
value function to improve sample efficiency and using policy-based methods to learn the
policy function. Examples include deep deterministic policy gradient (DDPG) [71] and
soft actor-critic (SAC) [11].

Vanilla policy gradient (VPG) [110] is an RL algorithm that is focused on increasing the
probability of actions that increase returns and decreasing the probability of actions that
decrease returns until convergence to an optimal policy. In other words, VPG performing
gradient descent on policy parameters ¢ to improve policy performance. VPG trains a
stochastic policy on-policy. The randomness of action selection decreases over time since
the update promotes the agent to exploit previously found rewards. This behavior can
cause the policy to get converge to local optima.

TRPO builds upon VPG by taking the largest possible step to improve performance
keeping the old and new policies sufficiently close. The distance between the old and
new policies is measured by the KL-divergence, which can be considered as a measure
of the distance between probability distributions. VPG is sensitive to step size since the
gradient provides only first-order information. If the step size is large, the algorithm may
suffer performance collapse, while if the step size is small learning suffers from poor sample
efficiency and convergence is slow. TRPO avoids this collapse and convergence is faster
than VPG.

To compensate for the high computational cost of TRPO, proximal policy optimization
(PPO) takes the same approach as TRPO, at a high level, but is less computationally
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expensive. PPO clips the policy update to keep the step size small so that training is
stable. PPO samples data through agent-environment interaction using the most recent
version of the policy. It is a model-free, policy-optimization algorithm. PPO optimizes
a clipped surrogated objective function with stochastic gradient descent. At each time
step, the agent observes the state and estimates the probabilities of selecting each action.
Action selection is based on this probability distribution. The agent interacts with the
environment at each time step and after a set number of time steps, determined by the

experience horizon, the agent updates the policy with the clipped loss function equation
below [104]:

LM =R, i [rAtGAE, clip (r, 1—¢1+ e) AtGAE} (2.8)
where AS4F is the advantage function, where calculates how much better taking that
action at a state is compared to the average value of the state over all actions. € is a small
hyperparameter that clips the update referred to as the clip factor. r = % and it is
the ratio of the action probability for the current policy and the old policy, which was used
to generate the data. Consequently, if the advantage, ASAE  is positive, the probability
of selecting the given action increases. The opposite is true if the advantage is negative.
In both cases, the clip factor limits the size of the policy update to ensure stability. The
Value ANN is trained with supervised learning using with the update function where
(Va(s;) — V¥*9)2. The target value is computed using the discounted cumulative reward
over the experience horizon.

There are many hyperparameters that need to be set for a PPO agent. The experience
horizon, is the number of steps that an agent takes before it updates the policy. The
discount factor, v € [0, 1] is a measure of how much the agent cares about future rewards.
The higher the v value, the more the agent cares. The clip factor, e € [0, 1) is how much
the policy updates are limited by. The entropy loss weight is a scalar value between 0 and
1 that promotes agent exploration by applying a penalty for being too certain about action
selection.

2.4.2 Reinforcement Learning Applied to Simulated Physiologi-
cal Systems

In previous work, DRL has been applied to simulated neuro-musculoskeletal models to

generate natural locomotion [130], and in physiological systems for diabetes management
[88, 67], and anemia treatment [24].
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To achieve success simulated physiological systems, which are often highly complex,
DRL algorithms require modifications |7, , 31]. Weng et al. [130] used curriculum
learning, breaking down the goal into learning tasks for the agent to learn to walk. Lee
et al. [67] modified the PPO algorithm by introducing two value functions since the long
term control for the fasting state and the short-term control for moderate changes in the
physiological system required the assumption of different levels of insulin administration.
Both Escandell-Montero et al. [21] and Ngo et al. [38] found success with off-the-shelf
DRL approaches.

Each of the previously mentioned works assume fixed dynamics in their learning en-
vironments. Of the four works mentioned above, Lee et al. [07] is the only work that
explicitly includes time-dependency in their physiological system. However, there is still
a clear reality gap in this work since they do not account for the effect of exercise on
blood glucose. While Weng et al. [130] do not explicitly introduce variability via time-
dependency into their physiological system, gait symmetry and stride frequency are not
strictly constrained which introduces variability to the physiological system. The differ-
ence in simulated versus real-world variability is a common limitation across different DRL
approaches to simulated physiological systems.

2.4.3 Reinforcement Learning: Sim-to-Real Transfer

Applying DRL systems from simulation to physical systems in the real world is non-trivial.
Despite best efforts, simulations often do not capture the variability of the real world and
optimizing with real world systems is often resource intensive. There exist two main
approaches to facilitate the process of sim-to-real transfer.

The first is to develop a simulated model of the physical system and to pre-train a
policy in this physical system. After, the policy continues training in the physical system.
Pre-training in simulation can help the agent learn a mapping of states to actions and is
more efficient than completing all training in the real world. This approach has been used
previously in autonomous navigation of stratospheric balloons [%] and robotic table tennis
[29]. Onme limitation of this approach is that the policy may not observe all states during
simulation and when deployed in the real world can select sub-optimal actions in these
new states. Another drawback of this approach is that the pre-trained policy is limited
by the accuracy of the model. Depending on sensor availability and the complexity of
the physical system, this simulated environment may not be similar enough to the ground
truth. Consequently, additional steps that introduce more variability to the simulation are
required to bridge this simulation to reality gap [19]. However, to introduce variability
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to the simulation in a manner that mimics the physical environment requires domain
knowledge and still may not replicate the real world system.

The second approach is to develop a simulated model of the physical system and use it
as a learning environment to learn the best hyperparameters for real-world DRL training
[128]. A limitation of this approach is that starting with a randomly initialized policy may
result in long training times in the real world environment.
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Chapter 3

Modelling Blood Velocity'

This chapter develops BV estimators and evaluates their accuracy over a longer time-scale.
Six participants the CGC device, developed at the University of Waterloo, and experienced
random cardiac-gated compression timings for 1.5 hours per day for two days. A data-
driven model was trained on ECG and applied pressure data to predict femoral BV one
heartbeat ahead in a closed loop manner. The mean R? for this model across participants
on the second session was 0.74 £ 0.09 and the mean absolute error was approximately 3%,
which is a reduction of only 11% compared to the first sessions, for both metrics. This
study is the first to show that BV across IPC sessions can be predicted using a pre-trained
model. This work may lead to a significant improvement in IPC performance with only an
initial model training session.

3.1 Methods

3.1.1 Experimental Procedure

Hemodynamic responses to compression were assessed in six individuals (mean + SD age
28 + 3 yrs) with no history of cardiovascular or peripheral vascular disease. Participants
were in an upright seated position and were asked to remain still to reduce motion artefacts.

IMaterial in this chapter was previously published in:
I. Santelices, C. Landry, A. Arami, and S.D. Peterson. Investigating Optimal Intermittent Pneumatic
Compression Timing Across Two Days. In Proc. Int. Conf. Body Sensor Netw, Oct. 2023.
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Figure 3.1: (a) Experimental setup. Participant is shown standing for visual clarity, how-
ever during data collection participants were seated, (b-d) sample BV, ECG, and computed
CT signals that served as inputs for the neural network, respectively. The shaded region
shows the time steps fed in as inputs. (e) A typical BV and applied pressure signal.
Double-ended arrow shows the CT from the local pulse wave peak (dark red point) to peak
inflation of the first cuff.

The experiment consisted of a 5-min baseline prior to the application of compression
followed by two windows of IPC therapy separated by a minimum of 5 min, referred to as
parts A and B. Part A lasted for 45 minutes and part B for 21 minutes. The phase lag
between the ECG R-wave and the local blood pulse was recorded and fixed prior to data
collection for each subject and used to ensure that compression occurred in local diastole.
Herein, CT was defined as the time delay from the local blood pulse peak to the first
cuff’s peak inflation, see Fig. 3.1(e), and was changed every three minutes. In part A, the
CTs considered were in increments of 50 ms from 200 ms to 850 ms. In part B, the CTs
were in increments of 100 ms from 200 ms to 800 ms. The order of CTs in A and B was
randomized between participants. Study protocols and procedures were approved by the
University of Waterloo (ORE#44494) Clinical Research Ethics Committee and conformed
with the Declaration of Helsinki.

The CGC device used in this study consists of five cuffs, each encasing an air bladder
(see Fig. 3.1(a)). The air bladders inflate sequentially from ankle to knee. The compression
cycle lasts 199 ms with a constant delay of 25 ms between sequential cuff inflation. Each
cuff is inflated over 33 ms, held constant for 33 ms, then deflated over 33 ms. Because of the
length of the each compression cycle and the variability in heart rate across participants
and during a session, the compression did occur in systole for some heartbeats.

Pressure sensors were placed between the participant’s anterior lower leg and each of
the three bottom cuffs. The sensors comprised of Picopress bladders (Microlab Electronica,
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Canada) connected to Omega PX390 pressure transducers (Omega Engineering, Canada).
Before testing, the system was adjusted to apply approximately 100 mmHg of pressure to
the limb. SFA BV of the right leg was measured with a 4-MHz Doppler probe (Multigon
Industries, USA), see Fig. 3.1(a). Arterial blood flow is assumed to be proportional to
BV, as previous studies have shown that arterial diameter is not impacted by IPC [141].
A standard 3-lead chest ECG (Model 3000 AC/DC differential amplifier, A-M Systems,
USA) was used to time the CGC device to the cardiac cycle. These signals were collected
using a data acquisition system (PowerLab, AD Instruments, USA) connected to LabChart
software (version 7, AD Instruments, USA).

3.1.2 Model Architecture and Training

A NARX model, NARX,,, was used to predict BV [65]. The model takes the previous time
steps of measured BV, ECG, and time since compression occurred (sampled at 100 Hz)
to predict the future BV, as shown in Fig. 3.1(b-d). We modified the model presented in
[63] by increasing the network depth from 1 to 3 layers (of 200, 120, and 40 neurons), with
ReLU activation functions in the hidden layers and linear activation for the output layer.
The model was trained as a feedforward ANN with a mean squared error loss function with
Adam optimizer. The model was trained on part A from day 1. Part B, from either day,
was used for model testing. The NARX,, model estimated BV one heartbeat ahead on
the test set in a closed-loop fashion.

3.1.3 Performance Evaluation

The mean BV between two ECG R-waves, herein referred to as BBMV, was used to define
the optimal CT. HR was computed from the ECG signal. To evaluate the N AR X, model
performance, BV mean absolute error (MAE), and BBMV R? were computed for the test
sets of each participant. The Spearman correlation coefficient between the measured mean
BBMYV for each CT and the estimated mean BBMV for each CT is reported. The CT is
presented as a percentage of the local BV period in which the compression occurred, as
displayed in Fig. 3.1(e). Wilcoxon signed-rank tests (o = 0.5) with Bonferroni correction
were used to assess statistical significance.
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Figure 3.2: BBMV as a function of the CT. (al) Participant 1, day 1; (a2) Participant 1,
day 2; (bl) Participant 6, day 1; and (b2) Participant 6, day 2.

3.2 Results

Figure 3.2 shows the BBMV response for different CTs for 2 participants. These partici-
pants were chosen to show a range of BBMV responses over time. The applied C'T range
is different across participants since CTs were applied as fixed time delays from the sys-
tolic BV peak instead of as a percentage of time between R-waves. Because of variability
between the fixed time delay and the CT as a percentage of the local blood pulse, there
are a different number of CTs plotted for each participant while the protocol applied the
same number of CTs for each participant. The BBMV response to CTs is shown in CT
increments of 10% in Fig. 3.2. Increments of 10% allowed for each BBMV response to
be computed over a minimum of 90 heartbeats while smaller increments would show the
BBMYV response across more CTs, each data point would correspond to a fewer number
of CTs. This figure highlights that the CT leading to the greatest increase in BBMV is
generally not constant over time, with optimal CT changing between parts A to B and
from day 1 to 2, with the exception of Fig. 3.2(bl), the only instance in this study where
the optimal CT remained constant.

The NARX,, model was used to estimate BV one heartbeat ahead in a closed loop
manner on the test sets. Representative samples of estimated BV waveforms compared to
the measured waveforms from same-day and different-day testing are shown in Fig. 3.3.
The estimated BV waveform is in good agreement with the measured BV waveform for all
CTs across participants when trained and tested on the same day. The average BBMV R?
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Figure 3.3: Measured (blue) and estimated (red) BV for different CTs of, from left to right,
20%, 40%, 60%, and 80% for Participant 3 on (a) same-day training and testing; and (b)
different-day training.

was 0.83+0.08 (mean £ SD) across participants. BBMV estimation performance decreases
when the model is trained and tested on separate days, with the average R? reducing to
0.74 £+ 0.09.

The pooled estimated BBMV (mean + SD) is compared against the measured BBMV
for 2 participants as a function of CT in Fig. 3.4. The mean Spearman correlation coeffi-
cients across participants for same-day and different-day training and testing were 0.80 +
0.08 and 0.72 + 0.14, respectively.

Table 3.1 shows the large variability in results across participants for the different
metrics. Across participants, the BBMV increased or stayed the same when selecting the
CT based on the model compared to applying IPC in the start of diastole, 10% CT (the
typical fixed timing approach) [20, , ) , 34].

3.3 Discussion

This paper presents a NARX model architecture to predict the SFA BV response to lower
limb IPC. The NARX model predicts BV one heartbeat ahead accurately over time as
shown with different-day IPC session data, with a mean BBMV R? of 0.74 £+ 09, and
a mean Spearman correlation coefficient of 0.72 4+ 0.14 between measured and predicted
BBMV. This study’s data supports the hypothesis that the optimal CT varies over time,
but can still be predicted with fixed model dynamics as shown in Fig. 3.2.
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Figure 3.4: Measured (blue) and estimated (red) BV (mean 4+ SD). (al) Participant 2, day
1, Spearman correlation coefficient = 0.68; (a2) Participant 2, day 2, Spearman correlation
coefficient = 0.60; (b1) Participant 4, day 1, Spearman correlation coefficient = 0.94; and
(b2) Participant 4, day 2, Spearman correlation coefficient = 0.62.

Landry et al. [63] suggested that the optimal CT varies over the course of a day; we
observed similar results with changes in BBMV response from part A to part B and across
participants. Our BBMV R? of 0.83 & 0.08 on same-day data is higher than their reported
R? = 0.76 & 0.11 when predicting BV one heartbeat ahead, which might be caused by
a different testing protocol (fixed timing for 3 min vs 1 min) and different participants.
Moreover, their model first predicts ECG in a closed loop fashion and feeds this signal to
the NARX BV model; the two models in series might have added error to the predictions.
In this work, we focused on predicting only BV; the ECG model is left for future work.
Also, this work trained the NARX model on 45 minutes of data, as opposed to 20 minutes,
which can help the model to better learn the BV dynamics.

The intended application of the NARX model is to be part of a controller used to select
the CT every heartbeat. For instance, the BV responses to different CT can be simulated
before the compression occurs and the optimal one is selected. Our work indicates that the
NARX model could effectively be used as it is intended since it can reasonably rank the
CTs, as observed with the mean Spearman correlation coefficient of 0.72 on different-day
[PC session.

According to this study’s data, using the model to select the optimal CT as opposed
to 10% CT would result in an average 30% and 62% increase in BBMV, shown by Table
3.1(F), on same-day and different-day data, respectively. The larger BBMV increase for a
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Table 3.1: Results of NARX,, model for training and testing on same and different days.
Results shown are for each participant for NARX,, model trained on day 1. (A) BBMV
R?* (B) Spearman correlation coefficient; (C) BV MAE (cm/s); (D) Absolute change in
BBMYV from part A to B; (E) HR and BBMV Pearson correlation coefficient (measured
data); (F) % change in BBMV from 10% CT to model optimal CT. The differences in
results from same-day to next-day testing were not significant.

A B C D E F
participant | same next same next same next same next same next same next
1 0.81 0.78 0.75 0.70 1.98 2.14 5 8 0.41 0.43 41 10
2 0.69 0.58 0.68 0.60 3.11 3.56 29 50 0.30 0.12 77 205
3 0.93 0.77 0.82 0.77 1.78 1.84 9 19 0.51 0.51 6 147
4 0.85 0.75 0.94 0.62 1.54 1.77 21 23 0.48 0.44 42 7
5 0.85 0.83 0.80 0.80 0.89 1.42 17 19 0.60 0.62 0 0
6 0.84 0.75 0.86 0.82 1.25 1.33 13 24 0.44 0.43 12 2
uto 0.83+0.08 | 0.74+0.09 | 0.80+0.08 | 0.724+0.14 | 1.840.8 | 2.0+£0.9 | 16+9 24114 0.46+0.10 | 0.4340.17 | 30£30 | 62490

different day is due to variability in BBMV response to CT. Retraining the initial model
with a small amount of data at the beginning of each session might improve the model
performance over time; this is left for future work.

The mean percent change in BBMV from same-day to different-day testing, 16% to
24%, reflects, to some extent, the decrease in performance across participants across days,
see Table 3.1(D). Indeed, the greater the difference between training and testing data,
the more challenging it is for the NARX model to accurately predict BV. This impact is
mainly seen in participant 2, who had the largest increase in BBMV percent change from
same-day to different-day testing.

Correlation between HR and BBMV is also lowest for participant 2, who had the poorest
NARX model performance. The Pearson correlation is highest for participants 3 and 5,
who have the highest R? values as well. This might indicate that the NARX model is
extracting heart rate as a feature to predict BV. An explainable model, with the use of
physiological features, is left for future studies.

Short-term variations in blood pressure, which can result in variation in local blood
flow, are not uniform and have shown large differences in magnitude over multiple half hour
periods [79]. Mancial et al. suggest that central nervous mechanisms play a primary role
in heart rate and blood pressure variability. The limited data collected related to central
hemodynamics and IPC BV response limits our understanding of their interaction, but can
potentially explain the errors associated with same-day and different-day BV predictions;
the model may not have the necessary signals to estimate BV and its variation over time.
In future studies, we plan to include volume clamp blood pressure measurements to learn
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more about the central hemodynamic response to CT (blood pressure, stroke volume, total
peripheral resistance, etc). In turn, these signals may improve the prediction accuracy of
the model when used during different treatment sessions without retraining.

A limitation of this study is the measurement of BV using an ultrasound probe. A
change in the probe insonation angle would result in a change in the BV measurement
sensitivity, as per the Doppler equation [35], which might partially explain the change in
BBMYV response from part A to part B, and from day to day within a participant. This
may be a factor in the data collection for participant 2, who had a large decrease from
same-day to next-day BBMV, see Table 3.1. Another limitation is that the BV measure-
ment contained artefacts because of the sensitivity of the ultrasound probe with soft tissue
measurements and leg movement due to the IPC. Small differences in the pressure pro-
file from one day to another is another limitation. Participant stress levels during data
collection were not measured, which can impact BBMV.

3.4 Conclusion

It was shown in this study that the BV response to IPC CT for an individual changed over
time and across days, but can still be predicted in a one heartbeat ahead fashion from the
ECG and applied pressure signals with a pre-trained NARX model. This NARX model
has the potential to be used to optimally select the CT for each individual, which might
lead to a significant increase in IPC performance without any hardware modifications.
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Chapter 4

Evaluating Deep Reinforcement
Learning to Optimize Intermittent
Pneumatic Compression Timing

In this chapter, we investigate the optimal C'T for an individual in simulation. We explore
how different DRL agents can learn the optimal CT in simulation.

4.1 Methods

4.1.1 Environment Formulation

The learning environment is a user-specific predictive simulator of lower limb physiology
created in MATLAB 2022a. The process of collecting data and training this predictive
simulator, that consists of a BV estimation model, is described in chapter 3.

In the learning environment the DRL agent has a time step of 5 heartbeats so that
metrics can be computed on a heartbeat-to-heartbeat basis and so that an agent time step
is less impacted by BV variability over successive heartbeats. We formulate this problem
as an MDP, defined as a tuple (S, A, T, R, v) [110]. S, is the set of states, where each state
is a four dimensional vector comprising of the average value and standard deviation (SD)
of HR and the BBMV, [HR,, HR,, BBMV,,, BBMV,]. These values are computed over
the last 4 heartbeats in each agent time step to avoid residual effects from the previous
time step. Typical state values for a participant are shown in Fig. 4.1 (a)-(b). The set
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of actions, A, is a discrete action space of 19 different CTs from 5% to 95% in steps of
5%, see Fig. 4.1(d). These 19 CTs were chosen to be similar to [63]. While this is a
discrete optimization problem, we refer to it generally as an optimization problem in this
document. Though each agent time step is 5 heartbeats, compression is applied at each
heartbeat, see Fig. 4.1(c). A discrete action space was chosen because of the variability
between command CT and actual CT. The BBMV for different CTs is simulated using the
predictive simulator. State transition probabilities (T) depends on an individual’s central
hemodynamics and vasculature. The reward function, R, is computed using BBMV | since
we use BBMV to define the optimal CT for the DRL agent, and it is described in more
detail later in this section. v € [0,1] is the discount rate and is related to the time horizon
of the agent’s optimization. In this physiological system the transition probabilities are
complex and generally unknown because they are a result of an individual’s hemodynamic
response to [PC CT which is stochastic and may vary with time. DRL allows us to solve
this MDP without knowing the probability of these state transitions.

The agent-environment interaction is shown in Fig. 4.2. The BBMYV response to a
selected action Ay, is estimated with N ARXj,,, details about N ARX,, structure can be in
found in [101]. The action, A;, is defined as the CT for the given time step. Successive
estimates are required to compute BBMV and the time step for the N ARX,, model is
Tn = 0.01s. The environment, with a time step of Tr = 1 heartbeat, repeats this process
for 5 heartbeats. The environment outputs the updated state, S;, and reward, R;. The
agent receives the updated state and reward, performs the updates, and outputs the next
action A, (see Fig. 4.2). This sequence is repeated until the end of the ECG signal, which
spans approximately 1 hour.

Three different reward functions are explored:

R, = BBMYV, (4.1)
R, = BBMV, — BBMYV, (4.2)
Ry = BBMV, — (0.75BBMV, + 0.25BBMV,_,) (4.3)

where BBMYV; is defined as the mean BBMV over the previous four heartbeats. BBMYV,
is defined as mean BV during no compression, before training occurs. This baseline is
included to explore the impact of a shift in the mean reward. BBMYV,_; is defined as
the mean BBMV over the last four heartbeats in the agent’s previous time step. This is
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Figure 4.1: State space for agent. (a) Mean and SD of HR is shown in the dark blue
square. The faded blue circles show the HR for each heartbeat. (b) Mean and SD for
BBMYV is shown in dark purple square. The faded purple circles show the BBMV for each
heartbeat. (¢) CT applied. Compression is applied at each heartbeat and the CT is held
constant over one agent time step of 5 heartbeats. (d) Agent action space. Delays from

20% to 80% at 20% intervals are shown for clarity.
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Figure 4.2: Agent environment interaction. The BV estimation model takes inputs of
previous ECG, CT, and BV to predict future BV in a closed loop format. Tygoo is the
defined as t-800 ms to t-10 ms, Ty is the previous t-20 ms to t-10 ms. These time steps
form the input for the NARX,, model.

included so that the DRL agent is incentivized to continually increase BBMV. R3 asymp-
totically converges to 0.75Rs.

4.1.2 Training Strategy

To learn the optimal CT for an individual, we use PPO [105], which requires 2 ANN. This
algorithm includes an ANN for stochastic policy, 7y, that maps physiological states to the
probability of selecting CTs, and a Value ANN, V(s), that estimates the expected return
for a given physiological state, S;. 2-layer-64-neuron ANNs with tanh activation functions
are used for both networks. The Policy and Value networks use softmax activation and
linear activation for their output layers, respectively. The network layer depth and width
were selected based on our empirical findings to ensure sufficient network representation
capability and learning efficiency.

During training, the ECG and CT are inputs to the predictive simulator to predict
the BV response, which is used in both the DRL state representation, S;, and the reward
signal R;. For each participant, we train 5 DRL agents on a 60 minute ECG signal.

4.1.3 Hyperparameter Tuning
In the final results presented for Ry, Ry, and R3 the entropy, w, is 0.01 and the experience

horizon is 2 steps (10 heartbeats). The batch size must be equal to or lower than the
experience horizon and is consequently set at 2 steps (10 heartbeats). The (actor and
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critic learning rates) for Ry, Ry, and Rz are (0.003, 0.005), (0.007, 0.03), and (0.008, 0.05),
respectively.

These hyperparameters are tuned with grid search. Entropy is explored from w = 0.01
to 0.2 in steps of 0.01. The horizon determines how many agent time steps occur before
each Policy and Value function update. We explore values from 10 heart beats to 210
heartbeats in steps of 50 heartbeats. The actor learning rates explored are from 0.001 to
0.01 in steps of 0.001. The critic learning rates explored are from 0.005 to 0.09 in steps of
0.005.

4.1.4 Policy Validation

The BBMV response to a constant CT is estimated using the predictive simulator, for each
of the possible CTs with a 5 minute ECG signal. After the DRL agent is trained on the 60
minute signal, the DRL continues to train on this 5 minute ECG signal, selecting CTs and
observing the estimated resultant BBMV; this is referred to as the test performance. The
optimal CT sequence that the DRL agent selects is referred to as C'T5p,. The optimal
CT sequence selected by the predictive simulator, where it selects the CT with the highest
BBMYV at each heartbeat, is CT%. The fixed CT, CTY, is a 10% CT that occurs in the
beginning of diastole. These CTs are used to evaluate the DRL agent; this value was
selected based on previous work [20, , 34, , 139].

To represent a change in BV response over time, we change the predictive simulator
of the participant during DRL agent training. The BV estimation model in the first 30
minutes is trained on one day of BBMV data, predictive simulator A (PS4), and the BV
estimation model in the remainder is trained on a separate day of BBMV data, predictive
simulator B (PSp). We explore the effect of changing the predictive simulator on agents
with the following entropy values: w = 0.01, 0.05, 0.1, 0.2, 0.3, and 0.4.

4.2 Results

4.2.1 Training

Fig. 4.3 shows the moving average (3 minute window) of the BBMV obtained by the agent
during training across the different reward functions for each participant. The mean and
SD shown are across 5 trials.
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Using R, the agent does not consistently learn the optimal CT in 60 minutes of sim-
ulation time across participants. Participants 1 and 4, (Fig. 4.3(a),(d)), showed signs of
learning closer to the end of the therapy session, however, the other participants showed
only modest increases in BBMV during training. Employing R; also leads to more vari-
ability during training, seen especially with participants 3 and 4, see Fig. 4.3(c),(d). This
is likely explained by more CT exploration due to the smaller actor and critic learning
rates. Ry resulted in consistent learning across participants. For participant 2, training
with Ry. the agent learned the optimal CT for each trial, see Fig. 4.3(b). When training
with Rs, the other participants had at least one trial where the second most optimal CT
was selected; the agents did not converge to the same action across trials. The DRL agent
using Rj3 consistently increased BBMV in 20-minute simulations across participants. For
participants 1, 2, and 4, R3 resulted in learning the optimal CT for each trial. For partic-
ipants 3, 5, and 6 there were some trials where the agent did not learn the optimal CT,
but instead the second most optimal CT.

The BBMV SD across trials when R; is employed is larger than for Ry and Rj, across
all participants. Due to the smaller actor learning rate, the R, agent was exploring more
actions for longer during training. This behavior led to greater reward variability across
trials. The SD for Rs is larger than the SD for R3. In some cases, Ry converged to the same
behavior as R, but required more trials, see Fig. 4.3(b),(c),(f). In other cases, employing
Rj resulted in more variability across trials than Rj, see Fig. 4.3(a),(d),(e)). The SD for
R3 is 0, after approximately 20 minutes of training for participants 1, 2, 4, and 6. Across
the 5 trials, these agents converged to the same CT after 20 minutes of training and each
agent receives the same reward at each time step. The SD for Rj is largest at the beginning
of training, when the agent is exploring the action space and it decreases with time.

4.2.2 Test

The left column in Fig. 4.4 shows the BBMV response for different CT on the test ECG
signal. Participants 1, 2, and 4 have the largest SD in BBMV response to different CTs.
Participant 4 in particular has a larger difference in BBMV between its optimal CT (90%)
and the other CTs. Across participants, we observe that the BBMV response is not
constant and also that the response varies from 1.2 cm/s to 6.0 cm/s.

The right column in Fig. 4.4 shows the mean performance of the DRL agent for three
reward functions over a 5 minute period compared to CTy and CTYy, as determined by
the predictive simulator. Across participants, C'Ty is not equal to C'Ty;. The DRL agent
performs, on average, better than CTy by 1.11 cm/s & 1.00 (44% =+ 36), p = 0.03 for Rs,
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Figure 4.3: Mean £ SD of BBMV during training for agents with different reward functions
across b trials. Results are shown for Ry, Ry, and Rj3 for different participants. (a)
participant 1; (b) participant 2; (c¢) participant 3; (d) participant 4; (e) participant 5; (f)
participant 6.
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respectively and lower than C'T% by 0.05 cm/s £+ 0.05 (2% =+ 1), respectively. The error
bars on Ry, R,, and R3 show the BBMV SD across trials. The error bars are largest for
Ry, similar to the training SDs. The SD bars for participants 1, 2, and 4 are too small to
be visible. For these participants, the R3 agents selected a different C'T for a maximum
of 5 heartbeats (2%) across the ECG signal. CTy and CTy do not have SD bars because
these values are computed using one predictive simulator.

4.2.3 Changing Physiological State

Fig. 4.5 shows the BBMV during training for agents with different entropy, along with
the BBMV given by the C'Ty, across participants and for 5 trials, when the environment
changes from PS4 to PSp after 30 minutes. The BBMV during training in PS4 is similar
for different entropy values, though larger entropy values generally exhibits slower learning.
Conversely, in PSp, the difference in BBMV across entropy values is larger. In the last 30
minutes of training, agents with an entropy of w = 0.01 achieve 89% =4 8 of the BBMV
achieved by selecting CT according to PSp; with w = 0.4 the agents achieve 92% =+ 5 of
the BBMV achieved by selecting C'T according to PSp.

4.3 Discussion

In this work, we demonstrate that a DRL agent can learn the optimal participant-specific
CT in a simulated IPC therapy session. To the best of our knowledge this is the first study
that optimizes IPC timing for an individual using DRL. The inherent continuous learning
and adaptability of DRL enables it to deal with changing dynamics, as the DRL agent can
learn the new optimal CT when the physiology changes. Our DRL approach requires less
data to interact with a user to learn the optimal CT compared to the duration of data
required to train a predictive simulator that can perform a CT search to optimize IPC
timing (15 minutes + 2 versus 19 minutes with other methods [63]). Our proposed DRL
approach can be further tested with a human-in-the-loop to optimize IPC timing.

Reward functions with baselines (R, and R3) perform better than the reward function
without (R7), as seen in Fig. 4.3. Without a baseline, the agent receives consistently posi-
tive rewards from suboptimal CTs, as shown by the left column of Fig. 4.4. Consequently,
this positive reward increases the probability of the agent selecting the same suboptimal
CT for the given observation, such that the agent is less likely to explore the other CTs.
This behavior is observed for participants 3, 5, and 6, Fig. 4.3(c),(e),(f), where the agent
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learns a suboptimal policy. On the other hand, R3 incentivizes the agent to perform better
than the previous time step and consequently converges slightly faster compared to Rs,
across participants.

The optimal hyperparameters for each reward function are outlined in the methods sec-
tion. The actor and critic learning rates that led to the optimal learning were not the same
for different reward functions. Because actor and critic learning rates, along with the re-
ward range and clip factor, determine the policy update size, this is a hyperparameter that
must be carefully tuned to achieve fast learning. Empirically, this work showed that larger
actor and critic learning rates, of the explored set, along with a well formulated reward
function led to the convergence of an optimal policy within 15 minutes 4+ 2 of training.
However, without a reward baseline, a smaller learning rate was required to avoid subop-
timal BBMV. This behavior is seen in Fig. 4.3 where the training with R; does not learn
the optimal policy and the convergence is slower compared to the reward equations with a
baseline. DRL policy uses the Adam optimization algorithm, that employs per-parameter
learning rates that adapt over time. However because of the limited training time, the ini-
tial actor and critic learning rates impact convergence time. From this simulator, a reward
range and learning rates can be determined and deployed for human-in-the-loop experi-
ments. The experience horizon is another important hyperparameter. Since the simulation
is limited to 60 minutes, the agent requires more updates to learn within the alloted time.
We observed that even with a horizon time of 20 seconds there was a decrease in the agent
convergence because there are fewer time steps for the agent to explore the environment
within a 60 minute therapy session. A shorter experience horizon does, however, make the
agent more sensitive to variability.

The BBMV s during DRL agent training (Fig. 4.5), exhibit an initial decrease when
the learning environment changes at 30 minutes. The BBMV then increases over time
because the DRL agent adapts its policy to the different learning environment. Agents
with smaller entropy values show less adaptation to PSp compared to agents with larger
entropy values. With larger entropy, when the predictive simulator changed, the agent
was not as biased towards a particular action and was more likely to explore. For some
participants, 1 and 2, selecting the same CT from PS4 in PSp does not result in a large
decrease in BBMV | see Fig. 4.5(a),(b). This is because the optimal CT from PS, still
achieves relatively high BBMV in PSg. For others, participants 3 and 5, the BV response
changes more from PS4 to PSp and the agents adapt. Consequently, agents with larger
entropy achieve greater BBMV across participants in this study.

The abrupt change in BBMV when the learning environment changes from PS4 to
PSg, seen in Fig. 4.5, is related to the change the output of the predictive simulator. For
participants 2, 4, 5, and 6 there is a distinct decrease in BBMV at 30 minutes. Each

46



predictive simulator is trained on a separate day of data collection. Changes in sensor
positioning, participant hydration, IPC pressure profile, participant stress levels, and heart
rate from one day to another may impact the BBMV response. For each participant, heart
rate was statistically different across days.

Our implemented DRL uses a feedforward policy NN and implicitly assumes the envi-
ronment to be an MDP. However, the limited physiological signals available to the agent
and the uncertainty associated with the signals from the measured ECG and the predicted
BV response make the actual states of the environment only partially observable to the
agent. This makes a POMDP [93], a better fit to our problem environment. While the
DRL agent may still perform well in some POMDPs, where the agent cannot see the entire
state, the DRL agent may be further improved with a long short-term memory network
(LSTM) policy [17] instead of a feed-forward policy. An LSTM may help the agent learn
relevant information across successive observable states that is not explicitly included in
the state formulation. However, LSTM training can become unstable and requires further
research. We also limited the action space to 19 actions, based on previous data collection
and to promote fast learning. With an expanded discrete action space, or a continuous
action space, a policy may emerge that further enhances BBMV.

Only time steps of 5 heartbeats were explored. We selected this range to isolate the
effect of one CT to another while encouraging faster learning. Smaller time-steps may
increase the agent’s convergence rate, while also making the agent more susceptible to
potential BBMV variability; larger time-steps may have the opposite impact. The lack of
central hemodynamics and other physiological signals included in the predictive simulator
makes this environment a POMDP. This may explain why the DRL agent selects the same
action 98% of the time. This behavior may be attributed to the agent learning the optimal
CT independent of the state. To encourage the formation of state-action mapping we used
longer time steps, up to 5 heartbeats prior, as inputs for the agent in pilot simulations,
but these agents did not converge to different CTs.

In a similar vein, the predictive simulator does not capture the full extent of BBMV
variation over time. From previous testing of the simulator, the average BBMV R? is 0.83
across participants when tested for a one heartbeat predictions [101]. In this environment,
we predict up to 3600 heartbeats (approximately 1 hour) ahead, while the N ARX}, model
was validated for only one heartbeat ahead predictions. Previous studies have observed
variability in physiological signals related to BV over half hour intervals [79], thus, a de-
crease in accuracy may be expected. The simulated environment is limited to the accuracy
of the BV model used in the environment and this model with fixed dynamics does not
capture the full variability of a human participant. Despite this limitation, previous work
has suggested that a surrogate model can be used to learn good hyperparameters [128]
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which is important given the sensitivity of agents seen in previous work [52, 76]. While
the goal of this paper was to show the feasibility of DRL in obtaining CT in participant
specific simulations, the built predictive environment may also have implications in pre-
tuning the hyperparameters of such DRL agent for the a human-in-the-loop optimization
of C'T. The validity of those hyperparameters will be tested in our future work with a focus
on human-in-the-loop testing.

It is assumed that the predictive simulator used in this study can predict BV when
the CT is changed every 5 heartbeats. However, this predictive simulator was trained
and validated on data where the CT is changed every 3 minutes. The validation of this
predictive model on different timing protocols is considered as one of the future steps.

The predictive simulator is trained using previously collected data and the positioning of
the BV Doppler probe does impact the resultant learned policy of the DRL agent. However,
since we are using this simulated environment to learn the optimal hyperparameters for a
DRL agent [128], this decrease in accuracy is not critical.

In this work, we show that DRL algorithm can be used to optimize IPC timing for
an individual in simulation. DRL is faster than previous methods and unlike previous
methods, DRL can adapt to changes in the physiological system. DRL is a tool that may
optimize IPC CT online, with a human-in-the-loop. The proposed DRL approach showed
great promise in optimizing IPC timing for individuals. Unlike previous methods, DRL
was shown to be efficient in finding the optimal CT and it can adapt to changes in the
physiological system. These advantages suggest that our proposed DRL approach could
be integrated into a controller for CT selection, where the agent is learning online during
a therapy session. This ability to learn an optimal CT in real-time and adapt to changing
physiology highlights the potential of our DRL agent to be used in human-in-the-loop
scenarios in the future.

4.4 Conclusion

It was shown in this study that a DRL agent can optimize IPC CT in simulation in less than
19 minutes, which was obtained in previous work. The DRL agent’s learning environment
was 6 user-specific data-driven predictive simulators. Using a BV prediction model and an
ECG signal, this agent can learn the CT to maximize blood flow per individual. Across
participants the DRL agent achieved 98% =+ 2 of the optimal blood flow. This DRL agent
has the potential to be used online in a controller to optimally select the CT for each
individual, which would lead to a significant increase in IPC performance.
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Chapter 5

Optimizing Intermittent Pneumatic
Compression Timing with a
Human-in-the-Loop

In this chapter, we investigate if a DRL agent can optimize [PC CT with a human-in-the-
loop within a 60-minute therapy session. Because the BBMV response to CT may change
over time and across individuals, the optimal CT for an individual is unknown prior to
data collection. It is hypothesized that a DRL agent can learn the optimal CT for an indi-
vidual within one hour, based on the performance of the DRL agent in participant specific
simulations, discussed in chapter 4. DRL performance is compared to performance when
selecting the same CT at each heartbeat, fixed CT. Evaluation metrics include rewards
received, actions selected, and BBMV over time.

5.1 Methods

5.1.1 Compression System
The CGC IPC device used in this study and the data collection protocols are described in

chapter 3 (see section 3.1.1). The DRL agent was deployed in Simulink, MATLAB 2022a
(MathWorks, US).

49



5.1.2 Participants

The study participants included 10 healthy volunteers (6 males, 4 females) of age 26 + 4
years (mean £ SD). The average height and weight of the participants were 173 + 11 cm
and 73 + 13 kg, respectively. Participant inclusion and exclusion criteria are summarized
in chapter 3 (see section 3.1.1). Study protocols and procedures were approved by the
University of Waterloo (ORE#44494) Clinical Research Ethics Committee and conformed
with the Declaration of Helsinki.

5.1.3 Experimental Procedure

The objective of this work is to investigate if a DRL agent can optimize CGC IPC with a
human-in-the-loop. To that end, the experimental procedure was designed to meet certain
objectives (1) to compare the performance of a DRL agent selected CT and a constant
CT at each heart beat (fixed CT) with a human-in-the-loop, and (2) to observe the DRL
agent’s learning within a 60-minute therapy session.

The experiment consisted of a 5-minute baseline prior to the application of compres-
sion, 5 minutes of CT in the local diastolic phase of the blood pulse, (CT}), and then
approximately 60 minutes of compression where the timing alternated CT modes every
20 heartbeats, see Fig. 5.1 (a). This period was not exactly 60 minutes because it was
based on a set number of heartbeats, which vary from one individual to the next, instead
of time. We applied 5-min of C'T; before beginning DRL training to avoid venous pooling
influencing the DRL agent’s learning. The alternating CT modes were (1) control, CTy at
each heartbeat, and (2) exposure, DRL agent timing, see Fig. 5.1 (a). During exposure
the DRL agent could select either C'Ty, or CTy, see Fig. 5.1. (b). CTy applied compression
in late diastole and C'T} applied compression in the middle of systole, see Fig. 5.2. The
phase lag between the ECG R-wave and the local blood pulse was recorded and fixed prior
to data collection for each subject. CT was applied as a percentage of the previous R-R
interval of the ECG signal.

20



(a) CT mode
exposure ‘ '
CT mode
control
(b)
CTy
CTS J€0 (({[[] (({[(]
20 40 60 80

time (s)
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Figure 5.2: (a) Typical BV signal. Orange highlighted section shows systole and blue
highlighted section shows diastole. (b) Sample pressure applied. First 3 heartbeats shows
compression occurring in diastole, C'Ty, and remaining heartbeats show compression oc-
curring in systole, C'T5.

To meet the first objective, comparing the performance of the DRL agent’s C'T and fixed
CT, the CT mode alternated during the experiment. Pilot studies showed that the BV
response to a fixed CT varies with time, see Appendix (Fig. A.3). Consequently, we chose
to alternate between DRL CT and control CT on a shorter timescale, 20 heartbeats, where
each C'T mode is applied for a set number of heartbeats to better compare the exposure
and control performance. This timescale was chosen to avoid short-term physiological
variability produced by respiration that appears in blocks of 5 to 10 heartbeats. As well, in
pilot studies we observed that CT mode blocks of 30 heartbeats and greater are influenced
by changes in BV response to CT over time. In Fig. 5.3 (d), 20 heartbeats has the smallest
MAE between consecutive blocks at 0.04 cm/s £ 0.03 and 25 heartbeats, Fig. 5.3 (e),
has the largest MAE at 0.14 cm/s £ 0.13. The MAE evaluates the difference between
consecutive blocks, where the ideal MAE is 0, such that the BBMV does not change across
consecutive blocks.
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Figure 5.3: BBMV during 5 minutes [PC applied at C'T; at each heartbeat. The plot shows
mean BBMYV for blocks of different heartbeats, where block 1 and block 2 are consecutive
blocks. (a) 5 heartbeats; (b) 10 heartbeats; (c) 15 heartbeats; (d) 20 heartbeats; (e) 25
heartbeats; (f) 30 heartbeats.

To meet the second objective, to observe learning from the DRL agent within a 60
minute therapy session, the DRL agent explored in chapter 4 was modified. The DRL
agent discussed in this chapter has 2 actions: C'T; and C'T; while chapter 4’s DRL agent
had an action space of 19. Because the CT mode alternated between exposure and control
timing, the DRL agent had only half the session to learn the optimal CT in this chapter
versus the full session in simulation in chapter 4. Additionally, pilot testing with the 19-
action DRL agent suggested that the the variability associated with the BV response to
CT made the problem too challenging for the agent to optimize across 19 CT within 30
minutes. Part of this variability can be attributed to limitations of the experimental set-up
where there is variability between the command CT and the applied CT. Consequently,
the action space was reduced to encourage faster and consistent learning.

5.1.4 Reward Function

The effect of CT is best observed in the same heartbeat as when the compression was
applied, see Fig. 5.2 (a). However, to minimize serial correlation from one agent time step
to another, we remove the first heartbeat in an agent time step from the reward function
calculations. The DRL agent’s reward function is shown below:
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R = BBMYV, + PSV, — (0.75BBMV, + 0.25BBMV;_; + PSV,) (5.1)

where the subscript ¢ refers to each agent time step and BBMYV, is defined as the mean
BBMV over the previous agent time step, after removing the first heartbeat. Peak systolic
blood velocity PSV can be correlated with BBMV and changes with CT. The baselines
are included in the equation are BBMYV,, BBMYV,_{, and PSV,. The mean BBMV and
PSV during the preceding control block are BBMYV, and PSV,, respectively. These terms
were included as baselines for the agent. BBMYV,_; is defined as the mean BBMYV over the
last four heartbeats in the previous time step and it was included so that the DRL agent
was incentivized to continually increase BBMV. The inclusion of BBMYV,, BBMYV,_1, and
PSV,. make the reward function centered around 0. Consequently, it is less sensitive to
the variability of absolute BBMV response across participants. However if the BBMV is
decreasing over time, independently of CT, the reward will decrease over time too. This
trend is opposite if the BBMV increases over time.

5.1.5 Training

The DRL agent has the same state formulation as the agent described in chapter 4 (see
Section 4.1.1). The DRL agent has an action space of 2, CTy and CT;. The DRL Policy
and Value function use the same architecture outlined in Chapter 4 (see section 4.1.2). The
DRL agent hyperparameters are summarized in Table 5.1. The DRL agent was trained for
1 episode which included 380 agent time steps, corresponding to approximately 60 minutes.

Table 5.1: Hyperparameters used for DRL agent.

Hyperparameter
Actor learning rate 0.06
Critic learning rate 0.09
Entropy 0.01
Horizon 2 heartbeats
Batch size 2 heartbeats
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Figure 5.4: Agent-human interaction. The environment receives an action, A; from the
agent and applies compression with the desired CT. The measured BBMV and ECG signals
compose the state and reward output, S; and R;, respectively. These values serve as inputs
to the agent and the agent outputs the next action, A1, to continue the cycle.

The agent-environment interaction loop is shown in Fig. 5.4. To complete an agent
time step, the agent applies an action, A;, which is a CT, for the length of 1 agent time
step (5 heartbeats). The environment outputs the updated state, S;, and reward, R;. The
agent receives the state and reward, to update its Policy and Value functions, and then
outputs the next state, A, ;.

5.1.6 Agent Evaluation

To evaluate DRL timing, the mean BBMV during exposure is compared to BBMV during
control. This metric, Aggyv, is calculated as shown below:

ABBMV - BBM‘/t,ezposure - BBM‘/tfl,control (52)

where BBMYV, cyposure 1s the mean BBMV during a single exposure CT mode block and
BBMV;_1 contror 1s the mean BBMV during preceding control CT mode block. Rewards
over time and action selection are also analyzed. Trends in rewards over time and Aggyv
over time are assessed by a Mann-Kendall (MK) test [30, 59] with the Hamed-Rao modi-
fication [15] to account for the serial correlation present in the data.
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5.2 Results

The rewards over time for each participant, along with the moving average, are shown in
Fig. 5.5. Based on the reward definition, equation 5.1, a positive reward indicates that
there is a consistent improvement in BBMV. Participants 1, 2, 3, 4, and 8 had positive
mean reward values in the last 10 minutes of the therapy session. Each participant has
a different reward range. For example, participants 3 and 8 have larger reward ranges
compared to the other participants as determined by the reward interquartile ranges, see
Fig. 5.5 (¢) and (f). Each participant has overlap in the reward values for the 2 CTs. This
overlap makes this problem more difficult for the agent and suggests that CT selection
is not the only factor that influences BBMV. The overlap between CTy and CT}, using
interquartile ranges, is largest for participants 9 and 10. Participants 1, 2, 9, and 10 exhibit
the slowest convergence to C'T; during training. While participants 1 and 2 have smaller
reward ranges than participants 9 and 10, these participants had a larger difference in the
distribution of reward values for the two actions, using interquartile ranges, compared to
participants 9 and 10, which led to similar convergence rates overall. Participant 7 shows
a decreasing trend in reward during training, this behavior is consistent with the decrease
in BBMV during training.

o6



°® CTd CTS

o 0.21(q) 4 0.21 (b)
~-0.21, , , _1-0.21,
2 0.51(0) 0.2{(d) .. .
D 0.0{ /i i | 0.0] f e TR e
L o5 , , : -0.21
2 0.3{(€) 05! (f)
© 3
= .03L : : 1-0.5L,
T 0.4(9) T 0.5
% 0.0 g 0.0
= .0.45 : : -0.51.
T 0.5{ () 0.5{(j)
©

-0.5 -0.5

0 20 40 60
time (min)
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7; (h) Participant 8; (i) Participant 9; (j) Participant 10.
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The actions selected during training are shown in Fig. 5.6. The moving average (5
minute window) is shown in dark blue. While the rate of convergence varies across par-
ticipants, the plot shows that the agent converges to selecting C'T; the majority of the
time for each participant. Participants 1, 2, 9, and 10 had relatively slower convergence
compared to other participants. However, once these agents converge, their behavior is
consistent. Alternatively, participants 4, 6, and 7 had faster convergence to C'Ty, but later
during training the agents selected C'T; more often, suggesting that slower learning can
be more consistent than faster learning. CT,; was selected 83% =+ 9 of the time during
training, across participants.
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Figure 5.6: Action selection during training for DRL agents. (a) Participant 1; (b) Par-

ticipant 2; (c) Participant 3; (d) Participant 4; (e) Participant 5; (f) Participant 6; (g)
Participant 7; (h) Participant 8; (i) Participant 9; (j) Participant 10.
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Mean BBMV and HR during the therapy session for 2 participants, along with the
moving averages of both signals, is shown in Fig. 5.7. This plot shows that BBMV is noisy
during a therapy session and that the BBMV response to CT is is not the same across
participants, seen by the variability for these two participants. For participant 3 from 30
to 60 minutes, only C'T; was applied in this time interval, however, the BBMV ranges
from 1.99 cm/s to 3.80 cm/s, a 91% increase. The decrease in BBMV for participant 7
from 30 to 60 minutes, see Fig. 5.7 (d) occurs while the CT selection was CT} for the
majority of the time, see. Fig. 5.6 (g). This continuous decrease in BBMV makes for a
more challenging environment for the BBMV agent, because rewards decrease over time
during training but this decrease cannot be attributed entirely to action selection. While
this decrease in BBMV is accompanied by a decrease in HR, see Fig. 5.7 (b), BBMV is
not only influenced by HR, it is also influenced by other factors, such as changes in blood
pressure, which was not measured during data collection. Also, different participants can
present different relationships between BBMV and HR. For example, participant 3 has a
lower Pearson correlation coefficient between BBMV and HR compared to participant 7,
0.33 versus 0.57.
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Figure 5.7 BBMV and HR over time during DRL training. The faded line shows the
measured BBMV and HR and the solid dark line shows the moving average. (a) Participant

3; (b) Participant 7.
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Appyy during training is shown in Fig. 5.8. Overlaid in red is the moving average of
Apgpnyv. The dashed line shows the mean Agpgy during training. The blue shaded area
shows the moving SD of the exposure timing blocks, centered about the moving average
of Aggyv. The increase in the moving average of Aggysy is seen most prominently for
participants 1 and 2; these participants also have the highest MK slope for the difference,
see Table 5.2. The mean Appyy between the DRL CT and fixed CT was -0.09 cm/s +
0.09 (-4% =+ 4). Across participants the agents did not converge to an optimal sequence
that included both CT, and C'T; but instead to a policy that selected CTy, the control CT,
at most agent time steps. Consequently, a negative mean Agpgv is expected and a mean
Apgpyy of 0 would be the highest expected mean Aggyy, given the agents’ CT selection.
We hypothesized that as the agent converged to C'Ty, the SD of exposure would decrease.
This trend was observed for most participants, though it was only statistically significant
(p< 0.01) for the collected data of participants 1 and 6. The SD of BBMV with CT},; was
larger than that of C'Ty across participants, 5.3 cm/s £+ 1.2 versus 6.1 cm/s + 1.0, and this
may explain why the decrease in SD was not significant across participants.
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Figure 5.8: Difference between consecutive exposure and control mode blocks during DRL
training (scatter points). Dashed line shows the mean difference during training. Solid
line shows the moving average of the difference. The blue shaded region is the SD of the
exposure blocks. (a) Participant 1; (b) Participant 2; (c¢) Participant 3; (d) Participant 4;
(e) Participant 5; (f) Participant 6; (g) Participant 7; (h) Participant 8; (i) Participant 9;
(j) Participant 10.
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Table 5.2: MK test results for slope and BBMYV difference. + indicates a positive slope
and — indicates a negative slope. # denotes p<0.01

Participant | Reward = Exposure standard
Appmy slope (———) em
slope heartbeat deviation (—-—)
heartbeat
1 + 2.05x 10744 -1.41 x 10 *#
2 + # 1.35x 107*# -8.43x107°
3 + 410x107° 2.78x107°
4 = 247x107° -8.90x10°°
5 + 211x107° -5.92x10°°
6 + 5.34x107° -1.25x107°#
7 - 2.85x107° -4.44x107°
8 + 1.84x107° 477 x107°
9 - 1.74x107° -1.66x107°
10 + 449x107° 1.07x 107>

Table 5.2 summarizes the MK test results for each participant, for the rewards, Aggary
and the SD of the exposure blocks. Since the reward value is without units, only the
direction of the slope is presented. The slope is positive for 7 out of 10 participants and
statistically significant for 2 of those participants. The negative reward slopes are likely
because these participants selected C'T} later during training. Across participants the slope
of the BBMV difference during training is positive. However, the increasing trend is only
statistically significant for participants 1 and 2. This may be because participant 2 had
the largest difference in BBMV between C'T; and CT,. The moving average of the SD of
the exposure blocks decreases, as determined by the MK test, for each participant except
for participants 3, 8, and 10.

5.3 Discussion

In this work, we investigate if a DRL agent can optimize C'T with a human-in-the-loop. This
DRL method is not limited to fixed dynamics and is successful across different participants.
This agent can optimize IPC CT during a therapy session to maximize blood velocity when
the optimal CT is not known beforehand.

Previous work that optimizes IPC CT with a NARX model requires 19 [63] or 41
minutes (Chapter 3) of data collection. Limitations of these methods include (1) the
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accuracy is limited to the next heartbeat, (2) these methods are limited to fixed dynamics,
and (3) they have not been tested with a human-in-the-loop. Conversely, the DRL agent
can optimize CT for each heartbeat, it can adapt to changes in physiology and, as shown
here, has been shown to maximize BBMV across 2 CTs with a human-in-the-loop. The
NARX models presented in chapter 4 and in Landry et al. [063] select the optimal CT
across 19 and 15 CTs, respectively, whereas the agent presented in this chapter learns the
optimal timing with 2 CTs. This agent converges to the optimal CT in 29 minutes 4+ 14.
The agent’s convergence time is defined as when it selects CT; 98% of the time in the
previous 5-minute window of training. This DRL agent has the potential to be expanded
to optimize across a larger number of CT's and can even optimize across a continuous range
of CTs from 0% to 100% with future research.

The DRL agent can interact with a human to learn the optimal CT strategy for an
individual in real-time during a therapy session. The DRL agent can learn from a randomly
initialized policy and does not require pre-training in simulation. We employ PPO, which
is an off-the-shelf DRL algorithm that does not require additional modifications. The state
and reward computations are simple to implement to an existing CGC system. Similar
to enhanced external counterpulsation therapy [95], an individual can go to a clinic a few
times a week to receive a 1 hour therapy session that optimizes BV.

Despite the DRL agent for each participant having the same set of hyperparameters,
the variability across participants led to different behavior during the therapy session, see
Fig. 5.6. For example, variability in the range of rewards across participants, for example
see Fig. 5.5.(a) versus (c¢). This variability is likely due to changes in BBMV over time and
the variability in the BBMV difference between C'T; and C'T} across participants. Another
source of variability is the different states observed by the agent during training. The
actor and critic learning rates, clip factor, and range of rewards impact the magnitude of
the Policy and Value function updates which in turn influences the agent’s convergence
rate. Mahmood et al. [76] show that there is a significant spread in PPO performance for
different DRL agent hyperparameters performing the same robotic task. Consequently, it is
expected that for these different reward ranges and values, these agents will have different
policy convergence rates across participants, for example see Fig. 5.6 (a) and (c¢). While
hyperparameters like actor and critic learning rates and the clip factor can be decided
based on simulation results, the reward range can vary more for human-in-the-loop testing
and it is a source of variability.

The behavior observed for some participants in this study did not match that seen in
simulation with a 19 CT agent. Some participants selected CT; after many time steps
of selecting CTy, see Fig. 5.6 (d), (f), and (g). Whereas in simulation a 19 CT action
agent converged to a single CT and did not select other CTs for more than 1 consecutive
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heartbeat, see chapter 4. Factors such as state variability and reward variability can
promote agent exploration during training. However, in this case the exploration does not
last until the end of the therapy session, because the reward function baselines encourage
the agent to return to C'T;. This exploration may also occur when the actor and critic
learning rates are large and the variability in the rewards is high. In this case, large positive
rewards increase the probability of the agent selecting a particular action, C'Ty in this case,
and then subsequent large negative rewards can revert the agent to its previous behavior
where it selected C'T;. To avoid such large changes to the policy during training, PPO
includes a clip factor in the policy update. However the clip factor must be tuned with
respect to the reward range and the learning rate. Consequently, with human-in-the-loop
experiments, it is difficult to know the best values prior to a therapy session. There is a
balance between a large enough learning rate to observe learning within a typical therapy
session and a small learning rate that produces more stable behavior, see participants 4,
6, and 7 versus 1 and 2, Fig. 5.6 (d), (f) and (g) versus (a) and (b).

In a typical DRL problem, the reward for an RL agent increases over time and then
plateaus, as shown in the DRL agent simulation results (see chapter 4 section 4.2.1 Fig.
4.3). However, the rewards in this experiment do not exhibit such behavior, see Fig. 5.5.
This behavior may be because the variability in BBMV can be larger than the difference in
reward for the two CTs and the baseline terms, BBMYV, and BBMYV,_;, create a reward
function that is scaled to the difference between the two actions, rather than being scaled
to the absolute BBMV measurement. However, this reward function also facilitated the
successful use of the same hyperparameters across participants because of these baselines.
Some participants may have negative reward slopes, see Table 5.2, because they selected
CT, later during training which decreased rewards. However, these participants still show
learning through their action selection, see Fig. 5.6 (d), (f), and (g).

The BBMV and HR variability during a therapy session highlights the difficult en-
vironment that the DRL agent is tasked with, see Fig. 5.7. This variability is expected
because of the variability of human physiology [79]. Pilot studies suggest that changes in
BBMYV in response to CT cannot be entirely attributed to the CT timing itself, but instead
are the result of an unrelated physiological effect. For this reason, we include the SD of
HR and BBMYV in the state formulation so that the DRL agent can learn that when it is
in states with high variability action selection has a smaller impact on resultant BBMV.
High variability is relative across participants, however a SD that is above 0.5 cm/s over a
20-heartbeat CT mode block is high. This value is double the average SD from 20 sessions
of 30 minutes of constant CT.

While physiological variability can impact DRL agent’s behavior, DRL is well-suited
to tackle this variability. While participant 7’s BBMV was decreasing over time, their HR
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was decreasing too, see Fig. 5.7 (b). This decrease in BBMV made it more likely for the
agent to return to C'Ty, because C'T,; returned negative rewards due to the reward function’s
baselines. However, as shown by the plot, Fig. 5.5 (g), C'Ts gave rewards that were generally
more negative than C'T; and consequently the agent returned to C'T}; selection. The DRL
agent’s adaptability does produce more exploration which can have a small decrease in
BBMV, 0.2 to 0.5 cm/s, during training. Over the course of a therapy session, these
small periods of exploration do not have a large impact on BBMV as shown by the small
difference between the mean BBMV of the control and exposure periods, see Fig. 5.7 (b).

5.3.1 Limitations and Future Work

It is assumed, in this protocol, that there are no carry-over effects from one 20-heartbeat
exposure mode to the next 20-heartbeat control mode and vice versa when calculating
BBMYV. While the BV waveform shape changes within the heartbeat that the CT is applied
and changes in the waveform shape do not last beyond that heartbeat, it is unknown if a
given CT produces longer effects on BBMV. The first heartbeat in an agent timestep is
dropped from the reward calculation to avoid the possibility of any carry-over effects, here
it is assumed that this impact will last only one heartbeat. More research to determine
the time scale of the effect of a given CT is required.

Only young and healthy participants were included in this study. Due to time limita-
tions associated with human-in-the-loop experiments, only this state space was explored
and other state formulations may improve policy convergence across participants. Other
state formulations will be discussed later in this subsection.

Another limitation is that this DRL agent is tasked with optimizing CT across only
two actions whereas in the previous chapter the agent optimized CT across 19 actions.
In addition, based on previous work and physiology, it is known that one of the actions,
CTy, is a suboptimal CT and in pilot studies CT; has even produced negative blood flow
(not observed in this study). The other action, C'T; has been shown to enhance BBMV
[26, , , ] compared to no compression. Consequently, the agent had to optimize
between an optimal and suboptimal CT which is an easier task than the 19 CT problem
explored in chapter 4. Future work will focus on expanding the action space of the agent
to further optimize CT. Expanding the action space is a non-trivial task because: (1) the
BBMYV response to CT varies across individuals and over time; and (2) Bellman’s curse of
dimensionality.

Some participants are more responsive to CT than others which may make it difficult
for the agent to converge to a policy, that optimizes IPC across more actions, for each

67



participant since the reward signal will be noisy. In these cases, a 60 minute therapy
session will not include enough agent time steps to optimize IPC and either more sessions
will be required to train the agent or a pre-trained policy will need to be used. Learning a
policy over multiple sessions introduces errors related to sensor placement and participant
variability over different days. We suggest that the agent only be deployed over multiple
days with a human-in-the-loop if the simulations suggest that the agent can learn a mapping
of physiological states to actions that is valid for multiple days since previous work suggests
that the BBMV response to CT varies over time. Using a pre-trained policy requires a
high fidelity simulator because research suggests that small errors in models can result in
poor policies [50]. Consequently, the predictive simulator introduced in chapter 4 could
to be expanded to include more physiological signals like cardiac output, blood pressure,
and oxygenated hemoglobin concentration that have shown a response to IPC [26]. Also,
these signals may give more insight into the mechanism or mechanisms responsible for the
changing BV response over time. This improved simulator may help the agent learn a
mapping, of physiological states to action, in simulation which can be can applied to a
human-in-the-loop.

Bellman’s curse of dimensionality is another challenge associated with expanding the
action space. As the number of features, states and actions, increases, the complexity
of the problem increases too. The Policy and Value functions become larger, with more
parameters to learn. Consequently, more agent time steps are required for policy conver-
gence. The agent’s task of optimizing [PC CT with the ECG and BV signals is a POMDP
as discussed in chapter 4 (section 4.3). The DRL agent explored in this study is limited
to two actions and a state of size four to keep the ANN parameters low. Bellman’s curse
of dimensionality would apply if the number of actions for the DRL agent increases and if
we chose to explore a larger state space to better learn a Policy that spans more actions.
However, a larger state space may also give the agent more information about the environ-
ment would which would facilitate learning. These two points should be explored further
in simulation, where the cost of each trial is low. Hierarchical RL [18] can help solve this
challenging problem of a POMDP by solving sub tasks. For example, one subtask could be
compressing in CTy or C'T,; where the small state size used in this work could be employed.
Another subtask would being smaller CT increments within diastole, such as early C'Ty
or late C'T; where a larger state size could be used to better distinguish between these
actions. Previous work has shown the viability of hierarchical DRL and POMDP for Atari
games [66] and simulated robots [1 18] and hierarchical DRL for autonomous driving [94].

Sim-to-real reinforcement learning is a difficult task and one of current research. Pre-
vious work has suggested different approaches for tackling this difficult problem. Some
groups have found success by pre-training the DRL agent in simulation [30, 70]. However,
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in simulation, we did not observe a strong relationship between physiological state and
action selection. Consequently, a pre-trained DRL Policy would likely only bias the agent
towards a particular action rather than giving the agent insight between a physiological
state and the optimal CT that could be further explored with a human-in-the-loop. Other
research suggests that using a surrogate model to learn the optimal hyperparameters can
be successful as well [13], which is the approach successfully employed in this work.

5.4 Conclusion

This work demonstrated that a DRL agent can optimize IPC CT in a 60-minute therapy
session for 10 participants. Each participant converged to C'Ty action selection, selecting
CTy 83 + 9% of the time during training. The mean BBMV difference between the DRL
agent’s CT and fixed CT 0.09 cm/s £ 0.09 (4 % + 4). This DRL agent is the first of its
kind to optimize [IPC CT with a human-in-the-loop. Future steps will focus on expanding
the action space for the DRL agent. This DRL agent can be used with a human-in-the-loop
to maximize BV.
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Chapter 6

Conclusions and Recommendations

6.1 Conclusions

In this thesis, a method to optimize intermittent pneumatic compression (IPC) compression
timing (CT) was explored with a human-in-the-loop, an approach to maximize blood flow
by selecting the optimal CT for an individual, which is unknown prior to the compression
session. This approach requires a deep reinforcement learning (DRL) agent to select CT
during the therapy session and select CT and observe the resulting physiological state to
learn the optimal CT. Previous methods to optimize IPC are limited to one heartbeat
ahead predictions and employ fixed dynamics. However, the blood velocity (BV) response
to CT changes over time.

In this thesis, gaps in understanding optimal CT were studied to achieve the three
objectives below.

1. Estimate BV response to CT over two days.
2. Evaluate a DRL agent’s ability to optimize IPC CT with simulation.

3. Optimize IPC CT with a human-in-the-loop.

The main findings, as they relate to these objectives, are summarized as follows.

In Chapter 3, we applied random CT to 6 individuals over 2 days. A nonlinear autore-
gressive network with exogenous inputs (NARX) to estimate the BV response to CT was
trained on one day of data and then deployed on the next day, referred to as NARX,,.
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Though the BV response to IPC CT for an individual changed over time and across days,
the response can still be predicted in a one heartbeat ahead fashion from the electrocar-
diography (ECG) and applied pressure signals with this pre-trained N ARX}, model. We
trained this NARX,, model on one day of data and predicted the BV response on the
second day (objective 1). This NARX,, model is the first to estimate the BV response to
CT across two days of data.

In Chapter 4, we built a DRL agent that interacts with a data-driven lower limb en-
vironment that uses a NARX,, estimation model for 6 participants over the course of a
60-minute therapy session. We show that with a well-formulated reward function and the
optimal hyperparameters, the DRL agent can learn the optimal CT within 29 + 14 min-
utes across participants (objective 2). To mimic the real-life conditions, we changed the
physiological system of the DRL agent and observed that the agent can adapt its behavior
to the changed environment across participants. The DRL agent converges to the opti-
mal CT faster than previous methods and the agent can adapt to changes in its learning
environment.

In Chapter 5, we deploy a DRL agent to optimize [PC CT with a human-in-the-loop.
The DRL agent interacts with the human-in-the-loop to observe its physiological state and
optimize CT across two actions, compression in diastole (C'T;) and compression in systole
(CTs). The DRL agent converges to C'Ty for each participant in 29 minutes + 14 (objective
3). We observe that despite variability in BV response across participants, C'Ty is selected
the majority of the time during training. We compare the performance of the DRL agent
to fixed timing, CTy.

6.2 Limitations and Recommendations

A source of uncertainty throughout this thesis is the measurement of BV using an ultra-
sound probe that is held in place with medical tape. With soft tissue ultrasound mea-
surements, the signal is sensitive to changes in the insonation angle from testing over
days. Additionally, the compression causes the leg to shake which produces noise in the
measured BV signal. Research has focused on a self-contained Doppler ultrasound unit
that is designed for continuous, long-term ultrasound imaging [127] which may improve
measurements if incorporated in future work. This sensor has been tested under different
frequencies of vibration (0 to 3.5 Hz) with an amplitude of 2 cm and the resultant motion
artefact, in the imaging, is minimal.

The predictive simulator, N ARX,,, has a number of limitations which bias the DRL
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agent during DRL training in simulation. The N AR X}, model can be improved by includ-
ing sensors related to central hemodynamics. For example, a blood volume clamp can be
used to measure mean arterial pressure on the finger and this signal is related to blood flow
[23]. However, this is an expensive sensor. Alternatively, a PPG sensor can be attached
to a participants finger, toe, or wrist to monitor blood flow [135]. Studies should evaluate
which location is best suited as a surrogate for SFA BV and least susceptible to motion from
the IPC device. These sensors can give the model more information about the individual’s
lower limb hemodynamics to better estimate future BV. Additionally, the PPG sensor is
easier to use in comparison to the Doppler ultrasound probe. We assume that NARX,,
can estimate BBMV response to C'T up to 3600 heartbeats ahead, which corresponds to
approximately 60 minutes of an ECG signal, when used as the predictive simulator. This
assumption is necessary because the simulator does not have access to the true BV, such
that the BV response to IPC must be estimated many heartbeats ahead to simulate a
60-minute therapy session. However, N ARX,;, has been validated for only one heartbeat
ahead predictions. Since the BV response to CT changes over time and BV is not constant
over time due to fluctuations in blood pressure [79], it is likely that N AR X, performance
decreases over successive heartbeats. More sensors may also improve the timescale of the
NARX,, predictions, which will improve the simulator. Another assumption is that the
N ARX,, can be used to estimate the BV response to C'T that changes every five heartbeats.
However, the data collection protocol changes the CT every three minutes. Changing the
protocol of data collection to align with the intended purpose of changing the C'T every 5
heartbeats in the simulator may benefit future researchers. Additionally, including more
sensors, such as the previous mentioned blood volume clamp, would allow for a richer DRL
agent state. This may result in an agent that learns a state-action mapping. If such a
mapping is learned, future work should focus on DRL explainability techniques, such as
decision trees [12] or local interpretable model-agnostic explanations (LIME) [99].

Bridging the gap between the simulated environment and human participants would
improve the DRL simulator. Introducing more stochasticity to the simulator could help
bridge this gap, For example, adding stochasticity to the actions to mimic the variability
of the cardiac gated compression (CGC) IPC device, or including a perturbance to the BV
signal to mimic the BV variability measured in humans.

The human-in-the-loop DRL agent optimizes CT across 2 actions. Future work should
focus on expanding the DRL agent such that it optimizes CT across more actions. To
achieve this goal, a number of different avenues exist. One is to build a higher fidelity
simulator, which can be achieved by taking the steps discussed in the previous paragraph,
that may allow the possibility to transfer a pretrained policy from simulation and deploy
it with a human-in-the-loop. The inclusion of more sensors discussed in the previous
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paragraph can also be used to enrich the DRL agent’s state. Alternatively, or in addition
to, this DRL agent may need to be trained over multiple days because more interactions
with the environment may be required to learn the optimal CT with a larger state space
due to the curse of dimensionality. A second options is to augment or modify the DRL
agent to optimize across more actions. Because this is environment is partially observable
Markov decision process (POMDP), a long short-term memory network (LSTM) policy
may help the agent learn long-term relationships between state and action. This LSTM
policy can be trained with proximal policy optimization PPO, or a different algorithm such
as SAC [137] or twin delayed deep deterministic policy gradient (TD3) [29], which have
shown success with sim-to-real problems.
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Appendix A

This section will describe pilot studies that evaluate a DRL agent’s CT timing. This
information is not included as part of the main thesis due to difficulties with comparison
of DRL agent CT selection to fixed CT selection. Consequently, this section will focus on
the measured physiological signals rather than DRL agent insights.

A.1 Methods

The CGC IPC device used in this study and the data collection protocols are described in
chapter 3 (see section 3.1.1).

A.1.1 Participants

The study participants included 3 healthy volunteers (2 males, 1 females) of age 27 + 4 years
(mean + standard deviation) with sedentary to moderate exercise lifestyles. The average
height and weight of the participants were 177 = 11 cm and 80 + 15 kg, respectively.
Participant inclusion/exclusion criteria and ethics clearance is summarized in chapter 3
(see section 3.1.1).

A.1.2 Experimental Procedure
Participants were seated. The experiment consisted of a 5-minute baseline prior to the

application of compression, 5 minutes of C'T, , followed by 30 minutes of either DRL agent
timing or C'Ty.
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A.1.3 Environment Formulation

The learning environment is a user-specific predictive simulator of lower limb physiology
created in MATLAB 2022a. The process of collecting data and training this predictive
simulator, that consists of a BV estimation model, is described in chapter 3.

In the learning environment the DRL agent has a time step of 5 heartbeats so that
metrics can be computed on a heartbeat-to-heartbeat basis and so that an agent time step
is less impacted by BV variability over successive heartbeats. We formulate this problem
as an MDP, defined as a tuple (S, A, T, R, v) [I16]. The formulation is the same as
that described in chapter 4 unless otherwise stated. S, is the set of states, where each
state is a 9 dimensional vector comprising of ECG and BV information over the previous 3
heartbeats. BV information includes the location and amplitude of the previous 3 systolic
BV peaks, ECG information includes the previous 3 ECG R-wave amplitudes and previous
3 heartbeat values. Typical state values for a participant are shown in Fig. A.1.

The set of actions, A, is a discrete action space of 14 different CTs from 10% to 75%,
inclusive, in steps of 5%. Though each agent time step is 5 heartbeats, compression is
applied at each heartbeat. The reward function, R, is computed using BBMV, since we
use BBMV to define the optimal CT for the DRL agent. The agent-environment interaction
is shown in chapter 5 (Fig. 5.4). The reward function is shown below:

R = BBMYV, (A.1)

where BBMYV, is defined as the mean BBMYV over the previous four heartbeats.

A.2 Results and Discussion

Table A.1 shows the mean BBMV, HR, and pulse delay, mean standard deviation of BBMV,
HR, and pulse delay, and mean standard deviation of BBMV as a percentage of mean

BBMYV. These metrics are presented for no compression (5 minutes), fixed CT (30 minutes)
and DRL CT (30 minutes).

Fig. A.2 shows typical BBMV and HR for fixed CT and for DRL CT during data
collection over one day. Though the same fixed CT is applied for these 30 minute data
collections, the BV response is different. As well, the HR and BBMV response is differ-
ent from morning to afternoon. This figure highlights the variability associated with BV
response to CT and the consequent challenges associated with deploying a DRL agent in
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Figure A.1: (a) ECG R-peak amplitude (circles) and heartbeat values (arrows);(b) BV
systolic peak amplitudes (squares) and BV systolic peak locations relative to the ECG
R-wave location (arrows).

Table A.1: Mean and SD BBMV, SD of BBMV as a percentage of the mean BBMV, HR,
and pulse delay for 5 minutes of no compression, 30 minutes of fixed CT, and 30 minutes
of DRL CT selection at each heartbeat.

No compression Compression (fixed) | Compression (RL timing)
BBMV 1.62 cm/s + 0.2 1.95cm/s + 0.99 195cm/s +1.22
BBMVy, , 30 % 27 % 35%
heart rate 66.0 bpm £ 6.1 62.0bpm + 3.2 61.6 bpm + 4.2
pulse delay 282 ms +8 288 ms +8 286 ms +12
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Figure A.2: BBMV and HR when fixed CT is applied for 30 minutes on the same day for
the same participant: (a) morning HR; (b) afternoon HR; (¢) morning BBMV; and (d)
afternoon BBMV.

this complex environment. This figure also suggests that applying a CT for one minute
[63], or three, as done in chapter 3, is not enough time to evaluate the BV response to a
CT. The BBMV changes in Fig. A.2(d) even when the CT is held constant. A longer time
period and more sensors are needed to better evaluate the BV response to different CTs.

Fig. A.3 shows the mean BBMV for different CTs. Fig. A.3(a),(b) are from the same
day, morning Fig. A.3(a) and afternoon Fig. A.3(b). Fig. A.3(c),(d) were collected from
the following day, morning Fig. A.3(c) and afternoon Fig. A.3(d). Only CTs that included
more than 30 heartbeats were included in this plot and that is why some CTs do not
appear. From one day to another, we observe that the BBMV response to CT is not
constant from the morning to the afternoon and is not constant from one day to another.
This plot highlights the difficulties associated with evaluating the DRL agent that had 14
CTs to select from.
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Figure A.3: mean and SD BBMYV for different CTs: (a) day 1 morning; (b) day 1 afternoon;
(¢) day 2 morning; (d) day 2 afternoon.
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