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Abstract

Type 1 Diabetes (T1D) is a chronic disease, which impairs the glucose homeosta-
sis of the body due to a deficiency in insulin production. People with T1D are life
dependent on external insulin administration. Despite advancements in insulin treat-
ment, current methods are still associated with a heavy cognitive burden on people
with T1D due to the need for manual meal announcement, carbohydrate (CHO)
estimation, and insulin dose calculation. To improve and automate treatment, Ar-
tificial Pancreas Systems (APS) have been introduced; they consist of a continuous
subcutaneous glucose sensor, insulin pump, and control algorithm to estimate the
insulin dose. However, the glucoregulatory system is a partially observable com-
plex dynamical system with large inter- and intra-population variability, affected by
unknown disturbances related to meals, exercise, and stress among others. This com-
plexity, along with delays in glucose sensing and insulin action, has challenged the
performance of existing control algorithms, which still require users to engage man-
ually. Related research has advanced to exploring Machine Learning (ML) for APS
and integrating additional physiological signals as Multi-input Artificial Pancreas
Systems (MAPS).

This PhD thesis in Computer Science primarily presents a body of novel research
on using Reinforcement Learning (RL), a class of ML algorithms to address control
challenges in APS, where RL-based APS are designed and developed to automate
insulin delivery by eliminating CHO estimation and meal announcement. Secon-
darily, the thesis explores and analyses the use of additional physiological signals
for MAPS.

The glucose regulation problem was formulated as a continuing task using the
average reward RL framework with new state-space, action-space, and reward func-
tion designs addressing real-world challenges associated with the problem. State-
of-the-art RL algorithms were first explored to design RL-based APS. A novel algo-
rithm named G2P2C (Glucose Control by Glucose Prediction and Planning) was de-
signed and developed to address the shortcomings identified in the state-of-the-art
algorithms. G2P2C integrated Proximal Policy Optimisation (PPO) with a model-
learning phase —as an auxiliary learning task— and a planning phase to improve
performance and safety. G2P2C did not require any prior announcement of up-
coming meals or meal CHO content. Its performance was tested in-silico using an
open-source T1D simulator based on the Food and Drug Administration-approved
UVA/PADOVA 2008 model and benchmarked against clinical treatment strategies
and the state-of-the-art RL algorithms. G2P2C achieved a time-in-range of 73% and
64% for adult and adolescent cohorts, respectively. This meant it outperformed basal-
bolus clinical treatment strategies in the adult cohort without requiring any meal
user input. The control performance and algorithmic characteristics of G2P2C show

vii



viii Abstract

promise as a candidate algorithm for automating glucose control in APS.

The potential of MAPS was first explored by conducting a systematic literature
review of 17 shortlisted publications from Scopus, PubMed, and IEEE Xplore to iden-
tify and analyse input signals of MAPS. Heart rate, accelerometer readings, energy
expenditure, and galvanic skin response were the main signals found that can be
captured by non-invasive wearable devices, while evidence was also found for lac-
tate and adrenaline as potential invasive biomarkers of T1D. Invasive biomarkers
were explored less, while identified additional signals mainly focused on exercise
in people with T1D which is challenging for existing treatment due to the rapidly
changing insulin needs related to different types of exercise. Therefore, next, moti-
vated by the review findings relationship of invasive physiological signals with ex-
ercise types (e.g., Moderate-Intensity Exercise (MIE), High-Intensity Exercise (HIE),
and Resistance Exercise (RE)) that affect glucose control in T1D was investigated. A
multivariate transfer entropy approach was used to model the physiological signals
to learn the inter-relations of the glucoregulatory system. The analysis validated lac-
tate as an important biomarker in estimating exercise events, while noradrenaline
was observed to be valuable in differentiating RE from HIE and MIE. This high-
lighted the value of MAPS as the next generation of APS.

The in-silico evaluations of the RL-based APS show promise for eliminating meal
announcement and CHO estimation in glucose regulation, and the analysis on phys-
iological signals encourages future research into MAPS which are valuable outcomes
for the T1D diabetes community. The proposed novel G2P2C algorithm and solu-
tions to address challenges associated with using RL in real-world problems benefit
the RL community. This multidisciplinary research also focused on bridging exist-
ing barriers between clinicians, lived experience experts, engineers, and researchers
by publishing across broad audiences in international peer-reviewed venues and de-
veloping software tools. This kind of communication between these stakeholders
is often neglected in existing research, resulting in systems that may not reflect the
clinical objectives and expectations of people with T1D. The inherent complexity of
ML algorithms further exacerbates the situation where the understanding and ex-
plainability of the systems, their operation, outcomes, and data analysis mechanisms
are low, leading to delays and failures in adoption. Hence, as part of this thesis,
an online interactive demonstration tool named CAPSML was developed to facilitate
communication required to develop APS for T1D and a Graphical Processing Unit
(GPU)-based T1D simulation environment named GluCoEnv was developed to en-
courage research and development. The codebase and software tools developed in
the thesis were released open-source under the MIT license for reproducibility and
to encourage future work in this domain.

Keywords: Algorithms; Closed Loop Systems; Control Systems; Diabetes Mel-
litus, Type 1; Glycemic Control; Insulin Infusion Systems; Machine Learning;
Medical Informatics; Pancreas, Artificial; Open Source Software; Reinforcement
Learning.
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Notation

Below is a list of mathematical notation used in this thesis.

set of real numbers

equality relationship that is true by definition

approximately equal

function f from elements of set X to elements of set y

is an element of ; e.g., x € X

natural logarithm of x

the base of the natural logarithm, carried to power x; enx — x
the real interval between a and b including b but not including a
probability that a random variable X takes on the value x
random variable X selected from a distribution p(x) = Pr{X = x}
expectation of a random variable X; E[X] =Y, p(x)x

entropy of random variable X

estimated value of x

arg max, f(a) a value of a at which f(a) takes its maximal value

dxr,
%

Kullback-Leiber divergence
assignment

Application specific notation:

8t
1
Ct
Ipump
Ihusal

Imax

glucose sensor measurement at time ¢ measured in mg/dL
insulin administered at time ¢t measure in insulin units (U)
meal carbohydrate estimate at time t measured in grams (g)
insulin infusion rate of the insulin pump (U/min)

basal insulin infusion rate (U/min)

maximum insulin infusion rate of the insulin pump (U/min)

In Reinforcement Learning:

set of all states

set of all actions

the observation function
the reward function
states

an action

a reward

discrete time step

action at time ¢
sequence of actions from time t to t +n
state at time ¢
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xii Notation
i reward at time ¢
T policy (decision-making rule)
m(als) probability of taking action 4 in state s under a stochastic policy 7
h horizon, the time step one looks up to in a forward view
R;wg average reward at time ¢
Y discount-rate parameter
Gt return following time ¢
v (s¢) value of state s; under policy 7 (expected return)
g™ (s, ar) value of taking action a; in state s; under policy 7
o advantage of taking action 4; in state s; under policy 7
0, ¢ parameters of neural networks
Vo the gradient of 0
Tty policy function parameterised by 0
(2 value function parameterised by ¢

Q-value function parameterised by ¢
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Chapter 1

Introduction

This PhD thesis presents a transdisciplinary research focusing on computer science
in healthcare. In this chapter, a high-level introduction to the research problem of
glucose regulation in Type 1 Diabetes is presented, followed by an overview of ma-
chine learning and reinforcement learning methods explored in the thesis. Finally,
the motivation and aims of the research are presented along with an outline of the
thesis and a summary of key contributions.

1.1 The Research Problem: Glucose Regulation in
Type 1 Diabetes

Type 1 Diabetes (T1D) is a chronic disease affecting millions of people worldwide,
leading to a life-long optimisation problem of blood glucose regulation [DiMeglio
et al., 2018]. The endocrine pancreas maintains glucose homeostasis through reg-
ulated insulin secretion in healthy individuals. However, in people with T1D, this
process fails due to autoimmune destruction of the insulin-producing pancreatic islet
B-cells. Hence, an appropriate amount of insulin must be administered from exoge-
nous sources to control blood glucose concentration. Glucose control is challenging
due to the varying insulin requirements related to sleep patterns, meals, and exer-
cise. During periods of fasting (e.g., during sleep), low levels of insulin in blood
are required, whereas after meals, surges in blood insulin are necessary to maintain
normal blood glucose concentrations [Rorsman et al., 2000]. The effects of exercise
on glucose concentrations are complicated due to the different types of exercise (e.g.,
moderate-intensity, high-intensity, resistance exercise) [Paldus et al., 2022b]. An in-
ability to match insulin delivery with an individual’s changing insulin requirements
results in either hypoglycaemia (low blood sugar) or hyperglycaemia (high blood
sugar). Hypoglycaemia, if severe, may lead to loss of consciousness, seizures or even
death. Long-term exposure to hyperglycaemia results in complications such as blind-
ness, limb amputations, kidney disease, and cardiovascular disease [DiMeglio et al.,
2018]. To this end, maintaining glucose homeostasis continuously is of significant
importance to avoid severe short and long-term complications.

Artificial Pancreas Systems (APS) [Cobelli et al., 2011] are a T1D treatment ap-
proach that aims to mimic the action of the pancreas by automatically releasing
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insulin based on changing glucose levels in a closed-loop manner. APS are being
developed to improve glucose control compared to sub-optimal open-loop treatment
schemes and to remove the cognitive burden on people with T1D and their caregivers
by automating insulin treatment. APS are based on a sensor/actuator mechanism,
containing an external device to measure glucose levels and a pump to infuse the re-
quired insulin dose. A control algorithm calculates the required insulin dose, which
closes the loop between the two devices (Figure 1.1). Although the concept of APS
have been present for more than 40 years, the first Food and Drug Administration
(FDA)-approved commercial system (Medtronic Minimed 670G) was only released in
2016 in the United States of America' [Sherwood et al., 2020]. In existing systems, the
glucose levels in subcutaneous interstitial fluid are continuously monitored through
a continuous glucose monitor (CGM). Then, insulin is infused subcutaneously via
a pump attached to the body [Saunders et al., 2019; Breton and Kovatchev, 2021;
Leelarathna et al., 2021].

Insulin Delivery m Glucose Measurements
(Pump) Zuf W lu;i‘ (Sensor)

Control Algorithm ]

Figure 1.1: Artificial pancreas system.

APS use Proportional Integral Derivative (PID) [Steil, 2013] controllers and Model
Predictive Controllers (MPC) [Bequette, 2013] to calculate the insulin requirement.
However, APS are still hybrid in nature and referred to as Hybrid Closed-Loop (HCL)
systems. They are not fully automatic and require manual meal announcement and
calculation of insulin doses (bolus insulin), a process that leads to sub-optimal glu-
cose control due to human error [Brazeau et al., 2013; Trief et al., 2016] and adds a
substantial cognitive burden on users [Brew-Sam et al., 2021a]. In particular, users
must first estimate their meal’s carbohydrate (CHO) content, typically 20 minutes
before consumption and enter this amount into the pump system. The accuracy of
each meal-related insulin bolus also depends on the insulin to CHO parameter set-
tings entered into the pump system by the user [Diabetes Control and Complications
Trial Research Group, 1993; Slattery et al., 2018]. Depending on the HCL system
being used, the user may also have to decide whether to manually initiate correc-

IThe Therapeutic Goods Administration (TGA) in Australia approved the first commercial system
in 2019 [Carolyn et al., 2020].
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tion insulin boli according to insulin sensitivity factor settings [Diabetes Control and
Complications Trial Research Group, 1993; Slattery et al., 2018]. Hence, these systems
are fully automated only for controlling the background insulin levels (also known
as basal insulin), which are associated with fasting periods and underlie the meal
boli during the active part of the day based on manual user input. Furthermore,
daily events such as meals, exercise, sleep, and stress complicate the regulation of
glucose, which, as a result, degrades the performance of current systems [Cinar,
2017]. These challenges in existing HCL systems highlight the importance of fully
automated APS capable of handling complex insulin requirements to improve glu-
cose regulation and eliminate the cognitive burden. To this end, the latest research
explores the use of Machine Learning (ML) techniques [Samuel, 1959] and the inte-
gration of additional physiological signals to design Multi-input Artificial Pancreas
Systems (MAPS) [Cinar, 2017].

1.2 An Overview of Machine Learning and
Reinforcement Learning

Various concepts and methods are being explored to achieve Artificial Intelligence
(AI) [Minsky, 1961] in which ML refers to a subset of algorithms capable of automat-
ically learning and improving without explicit instructions. ML algorithms can assess
patterns in complex datasets by analysing and drawing inferences and are used in
many applications such as image recognition, speech recognition, drug discovery,
and genomics, where significant improvements have been achieved [LeCun et al,,
2015]. The glucoregulatory system of the human body can be described as a com-
plex dynamical system. The recent advancements in ML [Jordan and Mitchell, 2015;
LeCun et al., 2015] techniques have increased focus on data-driven approaches to
model such dynamical systems and design control algorithms. The development of
continuous glucose sensors and pumps in T1D management provides large amounts
of valuable data which has enabled the use of ML techniques effectively in T1D appli-
cations. This highlights the appropriateness of the use of ML towards T1D manage-
ment. A significant emphasis on applying ML techniques to improve diabetes man-
agement can be seen in recent years [Contreras and Vehi, 2018]. These efforts mainly
relate to glucose control [Tejedor et al., 2020], biomarker identification [Kavakiotis
et al., 2017], blood glucose prediction [Hameed and Kleinberg, 2020], blood glucose
dynamics modelling [Woldaregay et al., 2019], detection of adverse glycaemic events
[Contreras and Vehi, 2018], and personalised decision support systems [Kavakiotis
et al., 2017; Woldaregay et al., 2019].

Reinforcement Learning (RL) is an emerging class of ML algorithms where an in-
telligent agent learns to make sequential decisions to solve a given problem [Sutton
and Barto, 2018]. The agent gains experience by interacting with the underlying prob-
lem environment through decision-making and receives a reward for its behaviour
based on the outcomes. The rewards are designed to reflect the desired objective of
the problem. The agent’s goal is to maximise the cumulative reward it can achieve
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which leads to the learning of a desirable behaviour [Sutton and Barto, 2018]. In
2016, an RL agent named AlphaGo was the first to defeat the world champion of
the game Go, which was considered a challenging problem for Artificial Intelligence
(AI) due to the complexity [Silver et al., 2016]. Ever since, RL algorithms have been
successfully applied in various challenging games, where they have demonstrated
superhuman performance capability / potential [Mnih et al., 2013; Schrittwieser et al.,
2020]. The latest research on RL focuses on continuous control problems such as
3D humanoid motion problems, robotics, and physics simulations [Schulman et al.,
2017; Haarnoja et al., 2018], intelligent transportation systems [Haydari and Yilmaz,
2020], commercial cooling systems [Luo et al., 2022], and healthcare applications [Liu
et al.,, 2020]. The problem of glucose regulation in T1D requires sequential insulin
dosing decisions [DiMeglio et al., 2018], and due to the potential of RL algorithms
to perform well in stochastic environments under unknown delays, in learning com-
plex dynamics, and personalisation, previous work has explored the development of
RL-based APS [Bothe et al., 2013]. Real-world RL systems are presented with many
challenges, such as partial observability, high-dimension state/action spaces, large
sensor/actuator delays, safety constraints, formulation of reward functions, explain-
ability, and practical learning constraints [Dulac-Arnold et al., 2019], which are also
present in the problem of glucose regulation. Hence, glucose control can be identified
as a highly suitable application for developing real-world RL algorithms.

1.3 Motivation and Aim

Recent studies have identified that APS technologies have often been misunderstood,
over-promised, and under-delivered [Kesavadev et al., 2020]. This calls for the co-
creation across disciplines, where people with T1D and their caregivers, clinicians,
health experience experts, and researchers work actively towards the design and
development of APS [Desborough et al., 2022; Brew-Sam et al., 2023]. A survey con-
ducted by Brew-Sam et al. [2021b] targeting young people with T1D and their parents
regarding the experience of existing diabetes technologies further substantiates this
approach;

“I feel like you reach a point where we kind of know a bit more [than the doctor]... because
we’re the ones experiencing it kind of every day.” [Brew-Sam et al., 2021b, p.12].

Existing APS technologies are HCL systems, which require further improvements
to regulate glucose better and alleviate the cognitive burden on people with T1D and
their caregivers [Brew-Sam et al., 2021a]. Fully automated APS can eliminate the bur-
den on the user and avoid sub-optimal glucose control resulting from human error
associated with existing systems [Brazeau et al., 2013; Trief et al., 2016].

This PhD thesis in Computer Science explores the development of fully automated
APS. To this end, the primary focus is to design RL-based APS, while the secondary
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focus is on MAPS.

RL-based APS. The potential of RL algorithms to perform well in stochastic environ-
ments under unknown delays, in learning complex dynamics, and personalisation
has brought attention towards RL-based APS [Bothe et al., 2013]. However, APS
are classified as high-risk medical devices, and the application of RL to real-world
problems is presented with numerous research, engineering, and practical challenges
along with critical ethical considerations [Dulac-Arnold et al., 2019]. Hence, the de-
velopment of APS and the application of RL to design APS remain an open challenge.
Therefore, this thesis first directs attention to exploring a suitable RL-based problem
formulation for fully automated glucose control, considering the challenges of apply-
ing RL to the real world. Next, the state-of-the-art RL algorithms are used to design
RL-based APS and evaluated based on their performance and algorithmic character-
istics. Finally, the thesis aims to develop a novel modular RL algorithm to overcome
limitations in the state-of-the-art RL algorithms, specifically focusing on safety and
performance improvements.

MAPS. The rapid development of wearable technologies has presented access to ad-
ditional information by capturing physiological signals such as heart rate, energy
expenditure, and galvanic skin response [Igbal et al., 2016]. In addition, invasive
sensors capable of capturing blood biomarkers such as lactate and adrenaline are
also currently being developed. These recent advancements present an opportunity
to utilise the additional information to assist glucose control by detecting daily events
such as exercise and stress and addressing the uncertainty and disturbances which
affect existing APS. Hence, integrating additional signals to APS to design MAPS is a
promising area of research [Cinar, 2017]. Therefore, this thesis conducts a systematic
literature review to explore the effects of identified additional signals. Next, based on
the review findings, relatively less explored invasive physiological signals are anal-
ysed in the context of different exercise types in people with T1D to understand their
effects on the glucoregulatory system.

In order to better understand the user preferences and application requirements
of T1D and better communicate the research of this thesis, a multidisciplinary re-
search approach was pursued where people with T1D, clinicians, and health expe-
rience experts were consulted throughout the research. Furthermore, software tools
were explored to improve the explainability of proposed systems to non-technical au-
diences and address engineering challenges associated with the experimental pipeline
of RL-based APS. The research objectives of this thesis can be summarised as follows:

1. Develop fully automated RL-based APS to alleviate the cognitive burden on
people with T1D.

2. Explore the use of additional physiological variables to develop MAPS.

3. Develop software applications/tools to support T1D education and research.
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1.4 Thesis Outline and Key Contributions

In this section, the structure of the thesis is presented by summarising the content
of the chapters and underlying contributions. The thesis aims to develop fully au-
tomated APS. The background and related work are presented in Chapters 2 and
3, where Chapter 2 focuses on T1D, APS, and ML, while Chapter 3 focuses on RL.
To achieve the thesis objectives, the primary focus is on RL-based APS, which is
presented in Chapters 4, 5, and 6. The secondary focus on MAPS is presented in
Chapter 7. Chapter 8 introduces two software tools developed during this thesis to
facilitate the development of APS, improve communication between the stakeholders
of this multidisciplinary research, and discuss the future of RL-based APS. Finally,
Chapter 9 concludes the thesis by summarising the research contributions, limita-
tions, and the research impact.

Chapter 1. Introduction

In this chapter, a high-level introduction to the research problem of glucose regula-
tion in T1D is presented, followed by an overview of ML and RL methods explored
in the thesis. Finally, the motivation and aims of the research are presented along
with an outline of the thesis and a summary of its key contributions.

Chapter 2. Background & Related Work I: Type 1 Diabetes, Artificial Pancreas
Systems, and Machine Learning

This chapter summarises the preliminary concepts and background related to the
thesis. First, an introduction to T1D and glucose regulation is provided, and the evo-
lution of treatment methods leading to APS is explored. Next, APS are introduced,
while highlighting the limitations of existing commercial systems and classical con-
trol research towards fully automating APS. Finally, the complexities associated with
glucose regulation are summarised, and ML is introduced as a technology to over-
come identified challenges.

Chapter 3. Background & Related Work II: Reinforcement Learning

This chapter provides essential background material required to develop RL-based
APS. First, RL is introduced along with its concepts and applications. Next, chal-
lenges associated with applying RL to real-world problems are presented. Finally, a
literature review on the use of RL for continuous control problems and APS is pre-
sented, and limitations of existing RL-based APS are highlighted to identify areas of
improvement.
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Chapter 4. Problem Formulation and State-Of-The-Art RL for Glucose Control

This chapter presents a fully automated RL-based APS design, targeting the cogni-
tive burden associated with existing treatment related to CHO estimation and meal
announcement. First, a formulation for the glucose control problem is proposed by
focusing on the environment, state/action spaces, and reward function design. Next,
the state-of-the-art RL algorithms are explored and implemented to compare against
standard clinical treatment based on basal-bolus treatment strategies. Finally, the ex-
perimental design and evaluation metrics are presented, and the performance of the
designed fully-automated RL-based APS are evaluated.

The work presented in this chapter is based on

¢ Hettiarachchi, C., Malagutti, N., Nolan, C., Daskalaki, E. and Suominen, H.,
A Reinforcement Learning Based System for Blood Glucose Control without
Carbohydrate Estimation in Type 1 Diabetes: In Silico Validation, 44" An-
nual International Conference of the IEEE Engineering in Medicine & Biology Society
(EMBC), Proceedings (pp. 950-956), IEEE, July 2022.

* Hettiarachchi, C., Malagutti, N., Nolan, C., Suominen, H. And Daskalaki, E.,
Deep Reinforcement Learning for Eliminating Carbohydrate Estimation In
Glucose Regulation In Type 1 Diabetes, Diabetes Technology & Therapeutics,
Proceedings (Vol. 24, Pp. A95-A95), Mary Ann Liebert Inc, April 2022.

Chapter 5. G2P2C: A Novel Modular RL Algorithm for Glucose Control

This chapter introduces a novel RL-based algorithm to address the shortcomings of
the state-of-the-art algorithms explored in the previous chapter. The proposed al-
gorithm extends the Proximal Policy Optimisation (PPO) algorithm by introducing
two novel optimisation phases, model learning and planning. In view of these novel
added features, the algorithm was named G2P2C — Glucose Control by Glucose
Prediction and Planning and is designed to focus on the safety, explainability, and
translation of the research to real-world. This chapter presents the algorithm design
and implementation details of G2P2C and evaluates its performance against clinical
treatment benchmarks and the state-of-the-art RL algorithms.

The work presented in this chapter is based on

¢ Hettiarachchi, C., Malagutti, N., Nolan, C., Suominen, H. and Daskalaki, E.,
G2P2C - A Modular Reinforcement Learning Algorithm for Glucose Control
by Glucose Prediction and Planning in Type 1 Diabetes, Biomedical Signal
Processing & Control, Elsevier, May, 2023 (Pending Review).
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Chapter 6. Non-linear Continuous Action Spaces for RL in Glucose Control

Continuous action spaces are a challenge faced by RL algorithms when applied to
real-world problems (Chapter 3). In the case of glucose regulation, a large contin-
uous action space is required to reflect the dynamic insulin needs. The standard
approach in RL is to formulate a linear action space for the agent. Therefore, this
chapter introduces non-linear continuous action spaces to overcome the challenge
associated with efficiently exploring the dynamic range of insulin in glucose control.
Three non-linear translation functions are proposed to map the RL action to the in-
sulin infusion rate, inspired by the basal-bolus pattern of clinical insulin treatment
practice. The proposed non-linear action spaces are compared and evaluated against
the standard linear action space used in practice for RL algorithms. An action space
designed through this proposed novel approach is used in the RL-based APS pre-
sented in Chapters 4 and 5.

The work presented in this chapter is based on

¢ Hettiarachchi, C., Malagutti, N., Nolan, C., Suominen, H. and Daskalaki, E.,
Non-linear Continuous Action Spaces for Reinforcement Learning in Type
1 Diabetes, 35" Australasian Joint Conference on Artificial Intelligence (AJCAI),
Proceedings (pp. 557-570), Springer, Cham, December 2022.

Chapter 7. Multi-input Artificial Pancreas Systems (MAPS)

In previous chapters, RL was explored to address technical and application-specific
challenges related to glucose control. This chapter explores the potential of inte-
grating additional physiological signals to address identified challenges and design
MAPS. The chapter is divided into two sections. The first section presents a system-
atic literature review to identify additional physiological signals suitable for glucose
control. Based on the review findings, the following section analyses invasive physi-
ological signals in the context of exercise. Exercise is a challenging activity affecting
glucose control due to the rapidly changing insulin needs. Relationships between
invasive physiological signals and different types of exercise are explored to assist
glucose control and design MAPS.

The work presented in this chapter is based on

¢ Hettiarachchi, C., Daskalaki, E., Desborough, J., Nolan, C.J., O'Neal, D. and
Suominen, H., Integrating Multiple Inputs Into an Artificial Pancreas System:
Narrative Literature Review, JMIR Diabetes, 7(1), €28861, February 2022.

® Hettiarachchi, C., Daskalaki, E., Malagutti, N., Nolan, C. And Suominen, H.,
Model-Free Inference of Information Flow Among Physiological Signals In
Type 1 Diabetes Subjects Using Multivariate Transfer Entropy, Diabetes Tech-
nology & Therapeutics, Proceedings (Vol. 23, Pp. A99-A99), Mary Ann Liebert
Inc, June 2021.
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Chapter 8. Future of Artificial Pancreas Systems Development

This chapter discusses essential characteristics of APS development by first dis-
cussing the importance of collaboration between various stakeholders associated
with the research. Next, two software tools named CAPSML and GluCoEnv are
introduced to improve the communication barrier and research and development
processes in RL-based APS. Finally, the future of APS are discussed by highlighting
important characteristics and processes related to safety, privacy, ethical considera-
tions, and clinical trials, which need to be further explored.

The work presented in this chapter is based on

¢ Hettiarachchi, C., Malagutti, N., Nolan, C., Daskalaki, E., and Suominen, H.,
CAPSML: Bridging the Gap Between Clinicians, Lived Experience Experts,
and Artificial Intelligence Systems for Glucose Regulation in Type 1 Dia-
betes, 34" Medical Informatics Europe (MIE), May 2023, (Accepted).

* Weng, H., Hettiarachchi, C., Nolan, C., Suominen, H. and Lenskiy, A., Ensuring
Security of Artificial Pancreas Device System Using Homomorphic Encryp-
tion, Biomedical Signal Processing & Control, 79, p.104044, Elsevier, January 2023.

e Cui, R., Hettiarachchi, C., Nolan, C.J., Daskalaki, E. and Suominen, H., Person-
alised Short-Term Glucose Prediction via Recurrent Self-Attention Network,
IEEE 34" International Symposium on Computer-Based Medical Systems (CBMS),
Proceedings (pp. 154-159), IEEE, June 2021.

Chapter 9. Thesis Conclusion

This chapter concludes the thesis by summarising the research contributions, lim-
itations, and the research impact on diabetes and ML communities. The chapter
highlights the developed novel RL algorithm named G2P2C, which eliminates meal
announcement and CHO estimation to minimise the cognitive burden on people
with T1D and the novel approach of non-linear action spaces to formulate the re-
search problem addressing real-world challenges of RL. This thesis was limited to
an in-silico study which used FDA-recognised simulators following best practices.
The chapter highlights these limitations and their potential impact. It concludes
by highlighting the engineering contributions through designed software tools and
open-source code contributions to replicate this work and facilitate the future devel-
opment of APS.
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Chapter 2

Background and Related Work I:
Type 1 Diabetes, Artificial Pancreas
Systems, and Machine Learning

This chapter summarises the preliminary concepts and background related to the
thesis. First, an introduction to T1D and glucose regulation is provided, and the evo-
lution of treatment methods leading to APS is explored. Next, APS are introduced
by highlighting the limitations of existing commercial systems and classical control
research towards fully automating APS. Finally, the complexities associated with glu-
cose regulation are summarised, and ML is introduced as a technology to overcome
identified challenges.

2.1 Type 1 Diabetes (T1D)

The pancreas is a vital organ in the human body’s digestive system, which mainly
focuses on producing enzymes to digest food and hormones for blood glucose regu-
lation. Diabetes is a metabolic disease caused by the deficiency of the hormone insulin
produced by the islet B-cells of the pancreas. There are three main types of diabetes,
namely type 1 diabetes, type 2 diabetes and gestational diabetes. Type 2 diabetes oc-
curs due to dysfunction of the B-cell and insulin resistance, and gestational diabetes
develops in women during pregnancy. T1D is caused by the autoimmune destruc-
tion of the B-cells of the pancreas. It results in complete insulin deficiency, rendering
the need for external insulin administration to maintain glucose homeostasis vital to
survival of people living with the disease [DiMeglio et al., 2018].

In 2021, it was estimated that 8.4 million people worldwide were affected by T1D
[Gregory et al., 2022]. T1D causes a significant cognitive, and economic burden as
people with T1D require daily insulin treatment, regular blood glucose monitoring,
structured diabetes education, and expert medical care [Gregory et al., 2022]. In
many low-income countries, access to these resources is limited, which leads to se-
vere disability and early death. This is evident from the estimated remaining life
expectancy of a 10-year-old diagnosed with T1D. In low-income countries, the mean

11
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remaining life expectancy was 13 years, while it was 65 years for high-income coun-
tries in 2021 [Gregory et al., 2022]. It is estimated that 20% (1.8 million) of people
with T1D are from low-income and lower-middle-income countries [Gregory et al.,
2022]. In 2040, the number of prevalent cases is expected to increase to 13.5 - 17.4 mil-
lion, which highlights the impact of T1D and its widespread nature [Gregory et al.,
2022].

T1D requires external insulin administration for survival. Various treatment
methods exist to estimate and administer insulin, where maintaining an optimal
glucose level is the main target (Figure 2.1). The inability to maintain normal glucose
levels results in either hypoglycaemia (low blood sugar) or hyperglycaemia (high
blood sugar). Hypoglycaemia is very dangerous, resulting in seizures, loss of con-
sciousness or even death. Long-term hyperglycaemia leads to complications such
as blindness, renal disease, limb amputations and cardiovascular disease [DiMeglio
et al., 2018]. To this end, maintaining glucose homeostasis continuously is of signifi-
cant importance for avoiding severe short- and long-term complications. The glucose
range of 70-180 mg/dL (3.9-10 mmol/L) has been identified as the optimal region
for glucose for people with T1D, and the percentage of time spent in this range is
named Time-In-Range (TIR), a key metric which treatment aims to improve [Dia-
betes Control and Complications Trial Research Group, 1993]. In addition to TIR,
there are several other metrics used to evaluate the performance of T1D treatment,
which focus on the time spent in hypoglycaemia and hyperglycaemia ranges and
their associated risk. These metrics were standardised (Table 2.1) by the Advanced
Technologies & Treatment for Diabetes (ATTD) Congress in 2019 through consensus
received from a panel of international physicians, researchers, and individuals with
T1D, to address the lack of consistency in the practical application of the metrics
[Battelino et al., 2019].

400

—— CGM (Sensor: GuardianRT)

Carbohydrates: 80.0g

Carbohydrates: 40.0g Carbohydrates: 60.0g

Severe Hyperglycemia (TAR Level 2)

CGM [mgjdL]

Severe Hypoglycemia (TBR Level 2)

]

03:00 06:00 05:00 1z:00 15:00 15:00 21:00
Jan 01 Jan 02
Time (hrs)

Figure 2.1: A daily simulation of glucose with meal events for type 1 diabetes.
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Table 2.1: Standardised type 1 diabetes metrics.

Metric

Time above Range (TAR) - Level 2 (Severe Hyperglycaemia):
Percentage time >250 mg/dL (>13.9 mmol/L)

Time above Range (TAR) - Level 1 (Hyperglycaemia):
Percentage time >180 mg/dL (>10.0 mmol/L)

Time in Range (TIR) (Normoglycaemia):

Percentage time 70-180 mg/dL (3.9-10.0 mmol/L)

Time below Range (TBR) - Level 1 (Hypoglycaemia):
Percentage time <70 mg/dL (<3.9 mmol/L)

Time below Range (TBR) - Level 2 (Severe Hypoglycaemia):
Percentage time <54 mg/dL (<3.0 mmol/L)

Low Blood Glucose Index (LBGI)

High Blood Glucose Index (HBGI)

Risk Index (RI)

2.2 Evolution of Type 1 Diabetes Treatment Methods

The discovery of insulin in 1921 led to exogenous insulin administration as a ther-
apeutic agent, which has been life-saving for people living with T1D. Pancreas and
islet cell transplants have also provided a solution for T1D more recently, though
organ donation shortage, the risks of surgery, and the need for immunosuppression
are limiting factors [Roep, 2020]. As a result, there is a continued reliance on the sub-
cutaneous administration of exogenous insulin to treat T1D. The insulin delivery is
divided into two distinct administration patterns: low-range, an almost-continuous
basal pattern of delivery, and a pattern of intermittent high-range (or bolus) delivery
of insulin used mainly to counter the glucose elevation due to meals [Nathan et al.,
1993]. There have been continuous advancements in insulin preparations, including
insulin analogues with different pharmacokinetic properties [Vliebergh et al., 2021].
The development of new insulin delivery and blood glucose measurement technolo-
gies have also driven improvements in T1D treatment methods (Table 2.2). Shah
et al. [2016] presents the evolution of insulin delivery methods and different routes
of administration, while Villena Gonzales et al. [2019] reviews the progress of glucose
monitoring.

Until recent years, best practice treatment of T1D, as was established in the Dia-
betes Control and Complications Trial [Diabetes Control and Complications Trial Re-
search Group, 1993], involved frequent Self-Monitoring of Blood Glucose (SMBG)
through using finger-pricks to access capillary blood and Multiple Daily Injections
(MDI) of short- and long-acting insulins. Information from the SMBG, as well as
carbohydrate content of meals and planned exercise, informed titration of insulin
doses. The development of sensors for Continuous Subcutaneous Glucose Moni-
toring (CSGM) and insulin pumps for Continuous Subcutaneous Insulin Infusion
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Table 2.2: A summary of type 1 diabetes treatment methods.

Method | Manual Effort | Treatment Mechanism
Required
MDI Yes Clinical guidelines
SAP Yes Clinical guidelines
HCL Yes Clinical guidelines, classical control methods (Table 2.3)
APS No Classical control (Table 2.4), RL (Table 3.1) methods

Acronyms: APS - Artificial Pancreas Systems, HCL - Hybrid Closed Loop, MDI - Multiple
Daily Injections, RL - Reinforcement Learning, SAP - Sensor Augmented Pump.

(CSII) has improved T1D treatment. The CSGM and CSII have typically been used
in an open-loop setting, in which the operator (health care professional or person
with diabetes) needs to program a variable 24-hour basal infusion rate, as well as an
insulin to CHO ratio (required for calculating meal insulin boluses), and an insulin
sensitivity factor and target glucose range (required for calculating correction insulin
boluses). However, this open-loop system is cognitively demanding because of the
constant requirement for input from the patient (and carers). The CHO content of
each meal and blood glucose concentrations need to be manually entered into the
pump computer before initiating insulin bolus doses. In addition, basal infusion
rates must be adjusted for exercise and during intercurrent illnesses. The electronic
connectivity between glucose monitoring and insulin pumps has led to the recent
advancement of Sensor Augmented Pump (SAP) therapy, which allows for auto-
matic suspension of insulin delivery ‘before low” or ‘on low’ to reduce the risk of
severe hypoglycaemia. SAP has partially relieved the cognitive strain on people with
diabetes.

Treatment of T1D based on MDI and SAP therapies uses a rule-based mechanism
designed by clinicians for insulin infusion. This is carried out by calculating patient-
specific characteristics such as Total Daily Insulin (TDI), Carbohydrate Insulin Ratio
(CIR), and Insulin Sensitivity Factor (ISF), which are used to derive the basal insulin
rate, correction insulin boli, and meal insulin boli! [Nathan et al., 1993; Slattery et al.,
2018]. These parameters are closely monitored by clinicians and adjusted periodi-
cally. The basal insulin rate (Equation (2.1)) is associated with fasting periods (e.g.,
sleeping and prior to eating). The correction boli (Equation (2.2)) are used to counter
the increase in measured glucose (G;;) from the target glucose level (G¢). The meal
boli are used to target the increase in glucose due to meals, which is calculated by
estimating the CHO content of the meal in grams (Equation (2.3)). An example glu-
cose simulation based on SAP therapy is presented in Figure 2.2, where a fixed basal
insulin rate is applied continuously, and bolus insulin doses are to counter meal
events.

IDifferent basal infusion rates, CIRs, and ISFs can be set according to the time of day (e.g. morning,
afternoon, evening or over night).
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Basal Insulin Rate = 0.48 - TDI U/day. (2.1)

Correction Insulin Bolus = (GmIS_FGt) U. (2.2)
. ~ CHO

Meal Insulin Bolus = TR U. (2.3)
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Figure 2.2: A simulation of glucose control based on sensor augmented pump ther-

apy. Insulin (bottom) is administered to control glucose levels (top). The spikes in

insulin represent the bolus insulin, while the rest represent the basal insulin. Daily
meal events and their carbohydrate contents are presented in red.

2.3 Artificial Pancreas Systems (APS)

The advent of rapid-acting insulin analogues, CSGM, and CSII, have made progress
towards APS possible. The essential components of an APS are a sensor measuring
subcutaneous interstitial fluid glucose on a near-continuous basis, a pump infusing
rapid-acting insulin into the subcutaneous tissue and a control algorithm that closes
the loop between the two devices (Figure 2.3). While the concept of APS have been
around for over 40 years, with the Biostator (1977) identified as the first closed-loop
glucose controlling system or APS [Cobelli et al., 2011], it has only been the last
few years that the use of APS have become a clinical reality. The controller is a
vital component of APS, responsible for calculating the optimal amount of insulin
required to maintain glucose homeostasis. The controller uses subcutaneous glucose
measurements as the primary input to calculate and operate the required insulin
infusion rate as the output.

The FDA has categorised APS as class III medical devices which involve auto-
mated drug delivery and are considered high-risk devices. Hence an Investigation
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Figure 2.3: Artificial pancreas system

Device Exemption is required prior to any clinical trial [US Food and Drug Admin-
istration, 2012]. This requires initial testing of the proof of concept through animal
trials, which is time-consuming and costly [Kovatchev et al., 2009]. A critical step
towards APS advancement was the development of physiological models and simu-
lators, which enabled the tuning and testing of different control algorithms in-silico
prior to clinical studies ensuring safety. The simulators provide the capability to
extensively test the robustness of control algorithms and large-scale simulations ac-
counting for inter-subject variability compared to animal trials. The UVA/PADOVA
simulator [Kovatchev et al., 2009] was accepted by the FDA as a replacement for
animal testing simplifying the process, and is currently the only such approved sim-
ulator. The UVA/PADOVA simulator has been widely used in pre-clinical studies to
validate proposed control algorithms.

2.3.1 Hybrid Closed-Loop Systems

The first commercial APS were released in 2016 in the United States of America?

[Sherwood et al., 2020], with FDA-approval. Due to control algorithmic limitations
to address the delay present in CSII and CSGM, these approved APS are not fully
closed-loop systems but are Hybrid Closed-Loop (HCL) systems. Essentially, the
HCL system uses closed-loop for basal insulin delivery but requires the operating
person to initiate insulin boli before meals according to the CHO content and, except
for the latest HCL systems, correcting boluses to counter high blood glucose levels®.
Hence, it is a feedback system with a feedforward loop. The requirement of meal
announcement and CHO estimation in HCL systems leads to a substantial cognitive
burden on the users [Brew-Sam et al., 2021a]. Hence, fully closed-loop APS would

2The Therapeutic Goods Administration (TGA) in Australia approved the first commercial system
in 2019 [Carolyn et al., 2020].

3The most recent commercial HCL systems provides automatic correction boluses and considered
as Advanced HCL systems (AHCL) (e.g., Medtronic Minimed 780G(2020), CamAPS(2020), and Control
1Q(2019)). Howver, they still require meal announcement and CHO estimation.
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significantly reduce the cognitive burden on people with diabetes and their carers.

Medtronic MiniMed 670G (2016) [Messer et al., 2018], Control IQ (2019) [Forlenza
et al., 2019], CamAPS (2020) [Leelarathna et al., 2020], and Medtronic MiniMed 780G
(2020) [Silva et al., 2022] are currently available commercial HCL systems. All these
proposed systems have conducted long-term clinical trials (3-6 months) and have
been able to achieve a TIR performance of nearly 70%. Systematic reviews and meta-
analysis have verified that HCL systems have shown better performance compared
to conventional pump therapy [Weisman et al., 2017; Bekiari et al., 2018; Petrovski
et al., 2021]. However, there is still significant room for improvement in the TIR per-
formance. Furthermore, human errors in CHO estimation and forgetting to inform
the HCL system of meals reduce the performance and increase safety concerns.

Table 2.3: Performance of commercial hybrid closed-loop systems.

System TIR
Medtronic Minimed 670G (2016) [Messer et al., 2018] 69.0%
Control IQ (2019) [Forlenza et al., 2019] 71.0% =+ 6.6%
CamAPS (2020) [Leelarathna et al., 2020] 67.0% + 10.0%
Medtronic Minimed 780G (2020) [Silva et al., 2022] 76.2%=+ 9.1%

Acronyms: TIR - Time In Range.

2.3.2 Classical Control Algorithms

A variety of classical control algorithms have been explored in previous research
towards APS development. The majority of research has extensively explored PID
[Steil et al., 2006], MPC [Bequette, 2013] algorithms and their variants. PID was
selected as a suitable algorithm due to the argument that it can emulate the multi-
phase response of the B-cell in glucose regulation to design a more physiological
insulin delivery [Steil et al., 2011]. Equation (2.4) presents a general PID algorithm,
where Iy, is the basal insulin rate, G,, the measure of glucose, G; the target glucose
level, and K¢, 77, Tp are tuneable parameters.

t
1
Ipip = Ipasal + Ko [(Gm -Gy + Tl/o (G — Gp)dt +1p

d(Gy — Gt)

o (2.4)

In MPC, a model of the system is used, which predicts the responses for a pre-
diction horizon (P) based on calculated control action () for a given control horizon
(M). The optimal control trajectory is identified by solving a constrained optimisa-
tion problem (Equation (2.5)). The optimisation objective is to minimise Jypc(Au),
which aims to control glucose levels to a target (rx;;) weighted by W,, while min-
imising the control input weighted by Wj,,. The constraints on the control action and
glucose levels (y) focus on safety. Once the optimal trajectory is identified, the first
control action step is applied, and the optimisation continues.
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Figure 2.4: Model predictive control

Extensive comparisons between the use of PID and MPC for glucose regulation
have been conducted [Bequette, 2013; Steil, 2013]. PID and MPC techniques in HCL
systems require manual bolus insulin to counter disturbances from daily events such
as meals and exercise. In particular, pure PID-based systems are slow in reacting
to such events and, coupled with the insulin actuation delays, could lead to insulin
overdose [Bothe et al., 2013]. However, PID systems are equipped with different
safety mechanisms to avoid these adverse effects [Steil et al.,, 2011]. On the other
hand, MPC approaches are more proactive as they are based on an internal system
model. Generally, the underlying model used in MPC algorithms is fixed and linear
and does not capture the dynamics of the disturbances (e.g., exercise). Hence, they
are also prone to disturbances. Therefore, a good personalised model encompassing
valuable dynamics is vital to achieving good performance. Adaptive control strate-
gies such as Generalised Predictive Control (GPC), capable of adaptively improving
the internal model to better represent the system and carry out control (Figure 2.5),
have been explored for APS development [Turksoy et al., 2013d].

Linear Quadratic Gaussian (LQG) methods have also been explored in previous
work [Colmegna et al., 2018]. In LQG, the full-state estimate from Kalman filtering
is generally used with the full-state feedback control law from the linear quadratic
regulator (Figure 2.6). In contrast to methods that rely on dynamical representations,
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Figure 2.5: Generalised predictive control

Fuzzy Logic [Yen and Langari, 1999] based controllers, which focus on replicating
the reasoning of diabetes caregivers, have also been introduced. The MD-Logic Sys-
tem [Atlas et al., 2010] is one such example. Classical control algorithms have been
augmented with specialised safety modules, and models to calculate insulin accu-
mulated in the body to adjust insulin infusion to design fully automated systems
[Turksoy et al., 2013d; Colmegna et al., 2018]. The performance of fully automated
APS research using classical control algorithms based on conducted clinical trials is
presented in Table 2.4.

Disturbances

W Dynamical System
Sensors
Y
Actuators
u
Linear Quadratic )
Regulator (LQR) Kalman Fllter]4_

Linear Quadratic Gaussian (LQG)

Figure 2.6: Linear quadratic gaussian

The complexity, uncertainty, and disturbances associated with glucose control
can be identified as key technical limitations towards the development of fully au-
tonomous APS. This thesis focuses on two approaches towards tackling this chal-
lenge. First, RL, an ML-based control approach, is explored for control algorithm
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Table 2.4: Performance of fully automated artificial pan-
creas systems based on clinical trials.

Research Study Control Algorithm | TIR
Turksoy et al. [2013d] GPC 46.5%
Turksoy et al. [2013b] GPC 62%
Turksoy et al. [2014] GPC 58%
Turksoy et al. [2018] GPC 76.75%
Colmegna et al. [2018] LQG 74.7%

Acronyms: GPC - Generalised Predictive Control, LQG - Lin-
ear Quadratic Gaussian, TIR - Time In Range.

development. Second, the integration of additional signal sources to design MAPS is
explored. The integration of wearable and other invasive sensors is expected to pro-
vide additional information related to the glucoregulatory system and daily events
affecting glucose control.

2.4 Technical Challenges in Glucose Regulation

There are several technical challenges related to glucose regulation in T1D. These
challenges compromise APS performance and usability, and their resolution will lead
to safer APS with less cognitive burden on people with T1D. This section discusses
the technical challenges of complex dynamics, uni-directional control, delays, uncer-
tainty, disturbances, and variability and their effect on APS.

Complex Dynamics, Uncertainty, and Disturbances. The glucoregulatory system of
the human body is a complex dynamical system affected by the disturbances and un-
certainty associated with daily events (e.g., meals, exercise, stress, and illness), which
challenges glucose regulation [Kovatchev et al., 2009; Cinar, 2017]. Current systems
cannot recognise these events and take timely action to maintain normal glycaemic
levels. In addition to the activities identified above, natural perturbations, circadian
variability, and other biological factors also affect physiological parameters such as
insulin sensitivity which affects the performance of APS [Gondhalekar et al., 2013;
Stewart et al., 2016].

Sensor and Actuator Delays. Delays are significant limitations in the current hard-
ware, which pose great challenges to APS development. The subcutaneous route
used in APS introduces a time delay between the subcutaneous and plasma glucose
measurements (roughly 6-12 minutes) and an insulin action delay (roughly 5-15
minutes depending on the type of insulin) [Villena Gonzales et al., 2019; Vliebergh
et al., 2021]. These delays are significant during activities such as exercise and meals
and affect the optimal control of glucose [Zaharieva et al., 2019]. Moreover, delays
in the onset and offset in action when insulin is delivered subcutaneously mean that
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such events require timely responses or may even need to be anticipated, resulting
in an increased risk of hypoglycaemia and hyperglycaemia [Vliebergh et al., 2021].
In order to address these limitations, researchers are currently focused on develop-
ing fast-acting insulin and much more accurate CSGM devices. The focus on sensor
failures and noise has also been increased to ensure the development of safe APS
[Villena Gonzales et al., 2019].

Uni-directional Control. The insulin-only systems have limited operation since they
are single-directional and can only reduce glucose. This limits the protection against
hypoglycaemia. Hence, additional control inputs have been introduced in existing
treatment [Peters and Haidar, 2018; Ananda Basu, 2020]. Glucagon and amylin are
two other hormones closely associated with the glucoregulatory system [Teixeira and
Malin, 2008]. Dual hormonal treatment systems [Peters and Haidar, 2018] addition-
ally incorporate glucagon, and tri hormonal systems which incorporate glucagon
and amylin have also been explored [Ananda Basu, 2020]. However, these additional
hormones are costly and require further clinical assessments to ascertain their safety
of administration to the body. Bioelectronic approaches have also been researched
in-silico to manipulate neural signals to control insulin sensitivity for better glucose
regulation [Giiemes et al., 2019].

Inter- and Intra-subject Variability. The glucoregulatory system of individuals is
subject to variability due to age and other biological factors (food, exercise, psycho-
logical stress, illness, season, menses, time of day, pregnancy) [Gondhalekar et al.,
2013; Stewart et al., 2016; Cinar, 2017] and it is important to continuously improve
the glucose control strategy to adapt to these changes. Hence, there is a large inter-
and intra-subject variability in glucose control performance due to the varying glu-
cose dynamics of individuals [Kovatchev et al., 2009]. At present the personalisation
of treatment is done by calculating patient-specific characteristics such as TDI, CIR,
and ISF [Nathan et al., 1993; Slattery et al., 2018]. These parameters are closely mon-
itored by clinicians and adjusted periodically. Such adjustments need to be made
with care by establishing sufficient safety conditions.

2.5 Clinical Challenges in Glucose Regulation

People with T1D and their caregivers face many daily challenges related to exist-
ing treatment. Brew-Sam et al. [2021a,b] have conducted studies to identify existing
challenges and needs of people with T1D. This section summarises open clinical chal-
lenges associated with glucose regulation.

Diabetes Education. The management of T1D is complicated and requires specific
knowledge related to glucose sensor, insulin pump management, training and knowl-
edge on the CHO content of different food and meals, and the calculation of insulin
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doses. Furthermore, the availability of different commercial insulin pumps and glu-
cose sensors and their unique features increases the effort required, which has moti-
vated studies to understand the user experience of the technologies [Brew-Sam et al.,
2021a].

Cognitive Burden. The current HCL systems require users’ input regarding meals
and exercise; hence similar to previous treatment methods, there remains a signifi-
cant cognitive burden on the user. Users need to estimate the CHO content of their
meal prior to consumption and inform the system in advance regarding any physical
activity and the activity type [Shah et al., 2016]. This limits spontaneity and affects
the quality of life of people with T1D [Brew-Sam et al., 2021a]. Nearly 50% with T1D
consider CHO estimation as the most burdensome aspect of diabetes self-care and
often results in missed insulin doses, incorrect meal and correction bolus calcula-
tions [Medtronic, 2019]. This highlights the importance of automating the treatment
and reducing the cognitive burden. CHO estimation is a difficult task that requires
specific training and knowledge on CHO content of different food and meals and
frequently leads to errors [Roversi et al., 2020]. In Brazeau et al. [2013], the average
CHO counting error by 50 adult T1D subjects was 15.4 +7.8g, and the common prac-
tice is to consider an error of +10g per snack or meal acceptable [Roversi et al., 2020].
Computer vision-based systems utilising smartphones are currently being explored
towards CHO estimation [Anthimopoulos et al., 2015].

Performance and Safety. The TIR performance of existing systems is around 70%,
which can be further improved (Section 2.3.1). The safety of existing APS is chal-
lenged due to daily events. Forgetting to bolus could result in severe hypergly-
caemia, and miscalculating the doses could result in severe hypoglycaemia, which is
a possibility in current HCL systems. The performance and safety considerations of
existing treatment also call for attention towards the trust and psychosocial aspects
of existing treatment [Brew-Sam et al., 2021a].

2.6 Machine Learning (ML)

The ambition of creating intelligent machines that think dates back to ancient Greece
[Bengio et al., 2017], while the Dartmouth Summer Research Project on Artificial In-
telligence (1955) is widely considered as the founding event of Artificial Intelligence
(AI) as a research field [McCarthy et al., 2006]. A member of this project and Turing
Award (1969) winning computer scientist, Marvin Minsky, defined Al as;

“... the science of making machines do things that would require intelligence
if done by men [humans].”
- Marvin Minsky [Minsky, 1968].

The development of programmable computers in the recent past has made rapid
progress in Al, with many practical applications. The game chess was considered
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a grand challenge by a generation of Al researchers, ultimately leading to the de-
velopment of Deep Blue, a chess-playing supercomputer that beat the world chess
champion in 1997 [Campbell et al., 2002]. This was a knowledge-based approach
for AI, where the system hard-coded human knowledge and used the computational
power of computers [Bengio et al., 2017]. Machine Learning (ML) was introduced to
enable Al systems to acquire their own knowledge by extracting patterns in complex
datasets without specific instructions by analysing and drawing inferences [LeCun
et al., 2015]. At present, ML is used in many applications and has achieved signif-
icant improvements in image recognition, speech recognition, drug discovery, and
genomics [LeCun et al., 2015].

ML tasks are mainly classified into three categories (1) supervised learning, (2)
unsupervised learning, and (3) reinforcement learning. Supervised learning uses an-
notated datasets to perform regression and classification tasks by learning a function
between the input data and the target output [Kavakiotis et al., 2017]. In unsuper-
vised learning, the hidden structure of unlabeled data is discovered through associate
rule mining and clustering [Kavakiotis et al., 2017]. Reinforcement learning [Sutton
and Barto, 2018] focuses on decision-making by interacting with a dynamic environ-
ment and will be covered in detail in Chapter 3.

Deep Learning (DL) is a subfield in ML based on Artificial Neural Networks
(ANN) and is defined as a type of ML algorithm where multiple layers of pro-
cessing are used to learn representations with multiple levels of abstractions from
large datasets, which is a limitation in conventional ML techniques [LeCun et al.,
2015]. Convolutional Neural Networks (CNN) [LeCun et al., 1989], Temporal Con-
volution Networks (TCN) [Lea et al., 2016], Recurrent Neural Networks (RNN) [Hihi
and Bengio, 1995], and Long-Short Term Memory (LSTM) networks [Hochreiter and
Schmidhuber, 1997] are some of the most popular ANN. DL has been enabled thanks
to the advancements in computing (e.g., Graphical Processing Units (GPU), Tensor
Processing Units (TPU)).

2.7 Machine Learning in Type 1 Diabetes

The ability of ML to utilise multi-modal data streams, learn complex physiological
relationships, personalisation capabilities, and handle uncertainties has resulted in a
significant emphasis on the application of ML towards T1D in recent years [Contreras
and Vehi, 2018]. These efforts mainly relate to glucose control [Tejedor et al., 2020],
biomarker identification [Kavakiotis et al., 2017], blood glucose prediction [Hameed
and Kleinberg, 2020], blood glucose dynamics modelling [Woldaregay et al., 2019],
detection of adverse glycaemic events [Contreras and Vehi, 2018], and personalised
decision support systems [Woldaregay et al., 2019; Kavakiotis et al., 2017]. Several of
these research directions are specifically important towards developing APS. In this
section, previous research on ML in T1D is summarised based on their applicability
to APS (Figure (2.7)). This work can be mainly categorised as (1) the development
of auxiliary modules for APS, (2) glucoregulatory system modelling, and (2) control
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Figure 2.7: Applications of machine learning for type 1 diabetes.

The operation of APS is challenging due to the complexities of glucose regula-
tion and the uncertainty associated with the daily events of the user. Hence, the
system requires auxiliary components in addition to the primary control strategy.
The designed auxiliary modules are expected to provide the primary control algo-
rithm with feedback to improve the insulin delivery strategy. Such modules have
been explored in previous studies aiming to develop hypoglycaemia early alarm sys-
tems [Turksoy et al., 2013c], hypoglycaemia prediction [Turksoy et al., 2016], meal
detection [Turksoy et al., 2015; Ramkissoon et al., 2018; Hajizadeh et al., 2019], and
CHO estimation [Turksoy et al., 2016]. ML techniques can be used to complement
some existing systems while improving others through the use of their improved
prediction and forecasting capabilities under uncertainty [Bengio et al., 2017]. ML
techniques have been extensively used in improving these modules. Vision-based
systems and CNNs have been used for CHO estimation systems [Vasiloglou et al.,
2018]. RNN, Support Vector Machines (SVM), and Auto-Regression with Exogenous
input (ARX) models have also been used for hypoglycaemia prediction algorithms
[Tyler and Jacobs, 2020]. The potential for novel auxiliary modules is immense as ad-
ditional wearable sensors can be used to develop such systems [Hettiarachchi et al.,
2022a]. Both invasive and non-invasive sensors can be applied to design modules for
exercise detection [Breton et al., 2014; Castle et al., 2018] and diabetes ketoacidosis
detection [Lee et al., 2019], which are expected to be valuable in glucose control. Fo-
cusing on such auxiliary modules will help design comprehensive APS since they are
expected to contribute to the safety, personalisation and explainability characteristics.

Control engineering and ML fields share overlapping ideas and methods. System
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Identification (SI) in control engineering focus on learning a model of the underly-
ing dynamical system [Yassin et al., 2013]. Methods in SI can be categorised as
(1) white-box approaches which derive models from first principles; (2) black-box
approaches based on data acquired from the system; and (3) grey-box approaches,
which utilise prior knowledge about the system and data [Yassin et al., 2013]. The
current glucoregulatory system models used in T1D are predominantly based on
grey-box approaches, which use compartmental models and are personalised using
data [Wilinska et al., 2010; Visentin et al., 2018]. Previous research has also focused
on black-box approaches where subspace identification [Hajizadeh et al., 2017] and
ARX [Turksoy et al., 2013b] methods are used for SI. Utilising the capabilities of ML
in learning complex relationships, techniques such as Random Forest [Liaw et al.,
2002], SVM [Xuegong, 2000], ElasticNet [De Mol et al., 2009], and Gradient Boosting
Trees [Ke et al., 2017] and DL models such as LSTM [Hochreiter and Schmidhuber,
1997] networks, TCN [Lea et al., 2016] have been applied towards data-driven glu-
coregulatory system modelling [Xie and Wang, 2020, 2018]. Xie and Wang [2020]
presents a comparison study between these ML approaches and classical time series
models. It is important to note that various multi-inputs from wearable devices, in
addition to glucose and insulin, have also been used towards system modelling in
order to improve the performance [Rashid et al., 2019].

Real-world control problems are challenging due to their high-dimensional, non-
linear complex dynamics, which results in difficulty in system modelling and de-
veloping useful control algorithms [Duriez et al., 2017; Brunton and Kutz, 2022].
Hence, data-driven approaches to control are being explored, and the power of ML
algorithms has enhanced the focus on Machine Learning Control (MLC) [Duriez
et al., 2017]. Various approaches towards MLC have been investigated. As identified
above, ML is used for SI, where classical control algorithms leverage the model for
designing the control algorithm [Duriez et al., 2017]. ML has also been used to tune
parameters of classical control algorithms such as PID control [Duriez et al., 2017].
Techniques such as genetic programming [Koza et al., 1999] which is an evolutionary
algorithm, and adaptive neural networks [Palnitkar and Cannady, 2004] have been
used to design the structure and tune parameters of control algorithms [Duriez et al.,
2017]. These approaches use an optimal control framework where the goal is to
control the dynamical system by optimising an objective function, using data in an
off-line learning loop (Figure 2.8) [Duriez et al., 2017].

RL techniques are also used for control, where a control strategy is improved
over time to achieve a defined objective through experience. A majority of MLC
approaches in APS development are related to RL. In contrast to other ML methods,
RL is more suited for decision-making tasks in a dynamic system environment. Also,
RL algorithms have been shown to perform well under unknown variable delays
(through delayed reward mechanisms); in learning complex non-linear dynamics;
handling uncertainties and disturbances; and in personalisation [Bothe et al., 2013].
Hence, RL-based algorithms are currently being explored in glucose control in T1D
[Daskalaki et al., 2013a]. An introduction to RL and a review of previous research on
RL-based APS are presented in Chapter 3.
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Figure 2.8: Applying machine learning in the standard framework for feedback con-

trol. The system is affected by disturbances w(t) and controlled by noisy actuators

u(t) based on noisy system measurements y(t). The control objective is to minimise

a cost function | based on vector z(t), which contains required information related
to the system. The off-line learning loop provides data to train the controller.

2.8 Summary

This chapter introduced the problem of glucose regulation in T1D and presented the
evolution of T1D treatment methods. HCL systems were identified as an emerging
treatment strategy based on CSGM and CSII, where PID and MPC algorithms have
been used for control algorithm development. The potential for fully autonomous
APS was identified. However, there are many challenges associated with the prob-
lem of glucose regulation. The cognitive burden on people with T1D and their carers
was identified as a major limitation of existing treatment, while problem-specific
challenges such as complex dynamics, uncertainty, disturbances, uni-directional con-
trol, delays, and high inter- and intra-subject variability are also present. The next
chapter presents the latest research on using RL algorithms for glucose control and
their suitability to address identified challenges.



Chapter 3

Background and Related Work II:
Reinforcement Learning

Chess is the most widely-studied do-
main in the history of artificial intel-
ligence. In 2017, AlphaZero a RL-
based chess program, achieved a super-
human level of play without being taught
any chess strategies by its human cre-
ators. AlphaZero is capable of discover-
ing novel strategies, as shown in the fol-
lowing game between Stockfish 8 vs Apl-
haZero (0-1), London 2018(12), where it
sacrifices material and king side structure
to mobilise its pieces [Sadler and Regan,
2019].

This chapter provides essential back-
ground material required to develop RL-
based APS. First, RL is introduced along
with its concepts and applications. Next,
challenges associated with applying RL
to real-world problems are presented. Fi-
nally, a literature review on the use of RL
for continuous control problems and APS
is presented, and limitations of existing
RL-based APS are highlighted to identify
areas of improvement.

Stockfish 8 vs AlphaZero
London 2018(12) (0-1)

“Chess has been shaken to its roots by
AlphaZero, but this is only a tiny example of
what is to come. Hidebound disciplines like
education and medicine will also be shaken,
if slowly, by the improved results promised
by Al analysis, if we allow them to.”

- Garry Kasparov
(World Chess Champion, 1985-2000)
[Sadler and Regan, 2019, p.16].
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3.1 Reinforcement Learning (RL)

The field of Reinforcement Learning is concerned with learning how to act in an
environment to achieve a specified objective. The origins of RL are mainly from
psychology and optimal control, which have been pursued independently [Sutton
and Barto, 2018]. The “Law of Effect" in psychology introduced learning by trial
and error, which described the effect of reinforcing events based on the tendency to
select actions [Thorndike, 1911]. The underlying theory and algorithms in optimal
control were also essential in developing RL. A stochastic optimal control problem
in optimal control deals with uncertainties present in the system and is formulated
as a Markov Decision Process (MDP). Dynamic programming is used to solve these
problems. However, it suffers from the curse of dimensionality, where computa-
tional requirements grow exponentially with the number of state variables [Sutton
and Barto, 2018]. RL focus on problems related to optimal control and, specifically,
on stochastic optimal control problems. Integrating learning by trial and error and
optimal control concepts around temporal difference methods [Samuel, 1959] in the
late 1980s led to modern RL [Sutton and Barto, 2018]. Temporal-difference methods
focus on deriving predictions for a quantity based on temporally successive estimates
of the given quantity through bootstrapping. It was successfully used in a learning
algorithm to develop a checkers-playing program [Samuel, 1959]. At present, RL can
be identified as an intertwining of many fields such as ML, control, psychology, neu-
roscience, mathematics, economics, and engineering [Sutton and Barto, 2018].

Concepts and Terminology. RL is a computational approach where a decision-
maker, called an agent, interacts with an environment to learn a strategy (policy)
to achieve a specific goal. The interaction between the agent and environment is for-
mulated using the formal MDP framework [Sutton and Barto, 2018]. A policy maps
each state (s;) of the environment to an action (a;). At a given state, the agent takes an
action, which results in a state transition and a feedback called a reward (), which
evaluates the transition related to the goal pursued. The agent uses its experiences
(s1,a1,711,52,a2,12 - - - transitions) to learn a policy to maximise the expected cumula-
tive reward (return) from any given initial state. The expected return for a given state
is also called the value. Unlike other approaches, RL emphasises learning through
direct interaction with the environment without requiring supervision or complete
models of the environment [Sutton and Barto, 2018]. A formal definition is presented
in Chapter 4.

Model-based and Model-free RL. Model-based RL algorithms rely on learning a
model of the environment in order to optimise their control policy. They are more
sample-efficient than model-free methods and benefit from generalising well to new
tasks and environments [Bansal et al., 2017]. On the other hand, they heavily depend
on the accuracy of the learnt model [Xiao et al., 2019]. Model-free RL algorithms
have outperformed model-based algorithms in domains where model learning is
challenging. However, they require millions of trials for learning [Bansal et al., 2017;
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Figure 3.1: Reinforcement learning framework. At each time step, an agent interacts
with an environment by taking an action (a;) based on the environment state (s;) and
receives a feedback called a reward (r;).

Schrittwieser et al., 2020]. Several prior works have focused on combining model-
free and model-based paradigms to design RL systems [Sutton, 1991; Gu et al., 2016;
Bansal et al., 2017; Schrittwieser et al., 2020].

On-policy and Off-policy RL. RL algorithms can also be classified as on-policy and
off-policy algorithms. In on-policy learning, the policy which is being learned is
also used for action selection. In contrast, in off-policy learning, a different policy is
used for action selection (called a behaviour policy). Off-policy algorithms are more
sample efficient due to the ability to re-use collected experiences, while on-policy
algorithms are more stable and easy to use [Gu et al., 2017].

Exploration and Exploitation in RL. In order to learn a suitable policy, the RL agent
should sufficiently explore different strategies for better action selection and also
exploit already learned strategies to increase its reward. Hence, the trade-off between
exploration and exploitation is vital in RL.

3.2 Reinforcement Learning Applications

Board games are the most popular application field in Modern RL. It started gain-
ing attention through the development of the TD-Gammon program in 1992, which
achieved the Master Level in the game of Backgammon [Tesauro, 1994]. Next, RL was
applied to the game of Chess, where the program DeepBlue defeated the world chess
champion in 1997 [Campbell et al., 2002]. The introduction of DL accelerated RL and
enabled scale to problems previously thought intractable [Arulkumaran et al., 2017].
This led to the focus on more complicated and challenging games such as Go and
computer games such as Atari, which contained games like Pong, Breakout, and
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Space Invaders. Deep Reinforcement Learning (DRL) algorithms were designed to
play Atari games using display pixel input to achieve human expert performance
[Mnih et al., 2013]. In 2016, the algorithm AlphaGo [Silver et al., 2016] beat the world
Go champion. Since then, advanced algorithms such as AlphaZero (2017) [Silver
et al., 2017], which achieves a superhuman level of playing in games (Chess, Shogi,
Go) solely by self-play without handcrafted evaluation functions, and MuZero (2020)
[Schrittwieser et al., 2020] which achieves superhuman performance without the use
of any knowledge of the game dynamics (i.e., rules of the game) have been intro-
duced. The latest research focus is on imperfect information games such as Stratego
(DeepNash (2022) [Perolat et al., 2022]) and Multi-Agent Reinforcement Learning
(MARL), where algorithms are designed to play multi-player games such as Star-
Craft (AlphaStar (2019) [Vinyals et al., 2019]) and No-press Diplomacy (Diplodocus
(2022) [Bakhtin et al., 2022]).

The application of RL is explored in continuous control problems [Schulman
et al.,, 2017; Haarnoja et al., 2018], intelligent transportation systems [Haydari and
Yilmaz, 2020], commercial cooling systems [Luo et al., 2022], and healthcare ap-
plications [Liu et al., 2020]. Continuous control has gained much attention due to
applications such as 3D humanoid motion problems, self-driving, and dexterous
manipulation tasks [Lillicrap et al., 2015; Haarnoja et al., 2018; Kendall et al., 2019;
Akkaya et al., 2019]. RL applications in healthcare include glucose control in T1D
[Daskalaki et al., 2013a], propofol dosing in general anaesthesia [Vajapey, 2019], and
multi-cytokine therapy for sepsis [Petersen et al., 2018]. Reinforcement Learning
through Human Feedback (RLHF) approaches was also recently used to fine-tune
large language models such as instructGPT and chatGPT [Ouyang et al., 2022]. The
following section presents the challenges associated with these real-world RL appli-
cations.

3.3 Challenges in Real-world Reinforcement Learning

Significant technical challenges are associated with using RL algorithms in real-life
applications [Dulac-Arnold et al., 2019, 2020]. Hence, it is crucial to identify these
limitations before applying RL to the safety-critical application of glucose control.
This section analyses these challenges to help design improved practical systems.

Complex Environments. Real-world environments are complicated compared to
game environments, as they could be only partially observable, stochastic, with noisy
sensor/actuator systems with delays, and non-stationary. These problems are formu-
lated as Partially Observable MDP (POMDP), where either the history is incorporated
in the agent [Mnih et al., 2015] or RNNs used within the agent [Hausknecht and
Stone, 2015]. The modelling of the system as non-stationary with a time-varying re-
ward function was explored in Nagabandi et al. [2018a]. System delays have been ad-
dressed by incorporating recent history in agents [Hester et al., 2018], using memory-
based agents [Hung et al., 2019], and using a backward-view of a task to generate
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the return-equivalent MDP [Arjona-Medina et al., 2019].

Reward Function Design. RL agents are optimised to achieve a specified goal which
is formulated based on a reward function. The reward function is trivial in simple
tasks. However, in real-world problems, the formulation of reward functions is much
more complicated. In some tasks, a clear reward might not be present, requiring do-
main experts and RL practitioners to work closely to formulate reward functions.
Tasks may also be more complex due to the existence of multiple objectives. Previ-
ous work has explored Inverse Reinforcement Learning (IRL) approaches to recover
an underlying reward function from demonstrations [Ng et al., 2000; Abbeel and Ng,
2004]. However, in some problems, the expert demonstration may not be perfect
(e.g., existing clinical treatment strategies for glucose regulation).

High-dimensional Continuous State and Action Spaces. Real-world problems are
often associated with large, continuous state and action spaces compared to tasks
such as games which contain small discrete action spaces. This results in challenges
related to the efficient exploration [Lazaric et al., 2007] and the existence of redun-
dant or irrelevant actions [Zahavy et al., 2018], which makes it hard to learn a suitable
strategy. In previous work, Lazaric et al. [2007] used a novel actor-critic algorithm
based on a Sequential Monte Carlo approach to improve exploration, while Zahavy
et al. [2018] proposed an approach that combined the RL algorithm with an action
elimination network to eliminate sub-optimal actions.

Safety Requirements. Safety is paramount in real-world systems, especially in
healthcare applications concerning vital core functions such as glucose regulation,
where patients” lives may be at stake. RL algorithms are required to sufficiently
explore potential strategies to learn a suitable strategy for the underlying task. How-
ever, this process could lead to catastrophic failures. Previous research on safe explo-
ration has focused on Constraint MDPs [Dalal et al., 2018; Achiam et al., 2017], Prob-
abilistic Goal MDPs [Mankowitz et al., 2016], Lyapunov functions [Turchetta et al.,
2016; Chow et al., 2018; Wachi et al., 2018], additional safety layers for systems [Dalal
et al., 2018; Pham et al., 2018], and the use of human feedback for avoiding failures
[Saunders et al., 2017]. In some applications, safety violations during training may
be acceptable (e.g., using simulators for training RL algorithms before deployment).
For such applications, methods that can enforce safety conditions for trained policies
have been proposed [Achiam et al., 2017; Tessler et al., 2018; Bohez et al., 2019].

Explainability. The learned policies of agents are complicated and hard to explain.
However, when applying learned policies to the real world, the users and operators
of the underlying systems require assurances of the operation and insights into the
policy. Hence, explainability is of utmost importance. Previous work has explored
model-based methods, which use rollouts for planning to provide insights into the
policy [Chua et al., 2018; Hafner et al., 2019].
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On-line / Off-line Learning and Transfer Learning Constraints. Typically, RL agents
require millions of interactions towards learning. Through these interactions, RL
agents obtain the experiences required for learning (Section 3.1). Hence, learning on-
line (i.e., in-vivo, on-patient) may be infeasible in some real-world applications due to
the system’s slow-moving nature and fragility (For example, in APS, insulin infusion
actions are typically made every 5-minutes, which would require 9.5 human years to
complete 1 million interactions, while safety constraints would limit the quality of
the experience). Furthermore, it could be expensive to collect experiences, and the
quality of experiences might be low. Previous work has explored expert demonstra-
tions [Mnih et al., 2015] and improving sample-efficiency of algorithms to overcome
this challenge [Finn et al., 2017]. However, when expert demonstrations are unavail-
able, simulators are required to train and develop data-efficient agents. Furthermore,
the simulators enhance the exploration capabilities of RL agents. However, the simu-
lators used in the target problems may not be perfect, which presents a challenge of
safely transferring the learnt policy and continually learning on the real system for
fine-tuning. Finn et al. [2017] explored using few-shot learning to efficiently adapt to
new in-distribution tasks.

As an alternative to the online learning approach, off-line off-policy learning ap-
proaches, which use existing system logs, can be explored. This is challenging when
the difference between the behaviour policy (in which the data was collected) and
the target policy (learned by the agent) is large, which results in different state distri-
butions. Importance sampling [Precup et al., 2000], the direct method which uses a
learned transition model for evaluation, and doubly robust estimators [Dudik et al.,
2011; Jiang and Li, 2016] have been introduced to address this challenge. These prac-
tical constraints must be carefully evaluated to design a feasible RL system.

3.4 Reinforcement Learning for Continuous Control

Glucose regulation in T1D is a continuous control problem. Hence, this section
presents RL techniques developed for continuous control tasks. The use of RL for
continuous control has gained much attention due to applications such as locomo-
tion, self-driving, and dexterous manipulation tasks [Lillicrap et al., 2015; Haarnoja
et al., 2018; Akkaya et al., 2019; Kendall et al., 2019]. Both on-policy (Advantage Ac-
tor Critic (A2C) [Mnih et al., 2016], PPO [Schulman et al., 2017]) and off-policy (Soft
Actor Critic (SAC) [Haarnoja et al., 2018]) algorithms have been used in model-based
[Nagabandi et al., 2018b] and model-free [Mnih et al., 2013] schemes. PPO [Schulman
et al., 2017] is a widely used model-free on-policy algorithm that has shown promise
in many RL tasks [Andrychowicz et al., 2021]. It is an actor-critic method consisting
of policy and value functions. The optimisation objective of the policy function is
to learn a stochastic policy, while the objective of the value function is to learn the
value of the system state. In standard on-policy policy gradient methods, past data
cannot be used to improve the current policy. Hence, they are sample-inefficient. The
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PPO algorithm improves the sample efficiency by using a clipped objective function,
which enables multiple updates for a given data sample. This objective also avoids
excessive changes to the policy while training. PPO is implemented using either a
shared neural network for the policy and value functions or separate neural networks
[Cobbe et al., 2021]. The former facilitates feature sharing between the two functions,
while the latter avoids interference between the two optimisation objectives.

Auxiliary Learning. The Phasic Policy Gradient (PPG) algorithm [Cobbe et al., 2021]
is a variant of PPO, which uses separate neural networks and introduces an addi-
tional auxiliary learning task of value function estimation. The auxiliary learning
facilitates the distillation of features between the two networks and further improves
the sample efficiency. Similar ideas based on auxiliary learning tasks have been ex-
plored in deep Q-learning approaches where the sample efficiency and policy adap-
tation during deployment were improved [Hansen et al., 2020; Schwarzer et al., 2020].
Hence, auxiliary learning tasks are increasingly being used in deep RL algorithms.
Model learning is a popular auxiliary learning task useful in updating policy and
value functions through planning and action selection [Hessel et al., 2021]. Previous
work in RL carries out auxiliary model-learning by predicting latent state representa-
tions [Lee et al., 2020a; Schwarzer et al., 2020], predicting observations/system states
[Bansal et al., 2017; Schrittwieser et al., 2020], and through estimating future rewards,
value and policy functions [Hessel et al., 2021].

Planning. A learnt model of the environment can be used for simulations and plan-
ning. Planning is a process that uses a learned model to improve the policy, where
the RL algorithm interacts with the modelled environment. The two distinct ap-
proaches to planning are state-space planning and plan-space planning [Sutton and
Barto, 2018]. In state-space planning, the RL algorithm uses the model to simulate
experiences, which are then used to update the value function and, ultimately, the
policy function. Simulating experiences is valuable when real experiences are costly
and limited. Dyna-Q [Sutton, 1991] is such an algorithm where the experiences of
the RL algorithm are used for both model-learning and planning in an online man-
ner. In plan-space planning, the planning is conducted as a search over the space
of plans (e.g., partial order planning). Previous work has introduced such methods
based on Monte Carlo Tree Search (MCTS), where an expert policy is used for plan-
ning [Anthony et al., 2017]. The planning horizon reflects the objective of the control
task. Most real-life control problems often have both short-term and long-term ob-
jectives. Designing reward functions to capture both objectives is challenging or even
infeasible [Khorasgani et al., 2019]. Khorasgani et al. [2019] have proposed a model-
based RL approach based on the Q-learning algorithm to focus on the two objectives
by modelling short/long-term prediction models. In the discounted RL setting, a
discount factor (7) is used to optimise an exponentially decreasing function of the
future return. The magnitude of vy establishes an effective horizon for optimising the
agent [Sutton and Barto, 2018]. Several prior studies have also focused on learning
value functions over multiple time horizons [Sutton, 1995; Fedus et al., 2019; Romoff
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et al., 2019] to address short/long-term objectives.

3.5 Reinforcement Learning based Artificial Pancreas Systems

In the problem of glucose control, the goal can be formulated based on the clinical
objective to improve TIR. The agent is called to make decisions regarding the con-
tinuous insulin infusion rate. The environment refers to a person with T1D (either
real or in-silico), their management conditions (e.g., using a CSGM, CSII pump with
resulting delays), and their external disturbances (e.g., meals, exercise) (Figure 3.2).
The agent’s observations relate to continuous glucose information and other param-
eters that are potentially monitored (e.g. ketones, heart rate), and the actions refer
to the infusion of insulin, as well as other potential interventions that may be con-
sidered (e.g. glucagon infusion). After an action is performed, the agent receives
feedback, reflecting the control strategy’s quality based on the formulated goal.
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Figure 3.2: Basic structure of an RL setting in glucose control.

3.5.1 Literature Review

The pioneering study on using RL for glucose control in T1D dates back to 2009,
where Yasini et al. [2009] explored Q-Learning for controlling hyperglycaemia [Bothe
et al., 2013]. In 2012, Daskalaki et al. [2013a,b] explored the use of Actor-Critic meth-
ods. However, due to the limitations of the available simulators, the task was re-
stricted to daily updates to the control strategy [Daskalaki et al., 2013b; Sun et al,,
2018, 2019]. The development of the UVA/PADOVA (2014) simulator [Dalla Man
et al., 2014] and the Simglucose (2018) simulator [Xie, 2018] has resulted in re-
cent studies where insulin updates have been possible in near real-time. In the
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UVA/PADOVA simulator, the control algorithm must be designed within a Mat-
lab Simulink block, which limits the application of RL. Hence, Simglucose [Xie,
2018] was designed as an open-source python implementation of the FDA-approved
UVA/PADOVA (2008) simulator. The Simglucose simulator can leverage the existing
PyTorch [Paszke et al., 2019] machine learning framework to develop control algo-
rithms for APS and allow reproducibility of proposed algorithms. This also provided
the capability to easily and efficiently experiment with advanced RL algorithms (e.g.,
algorithms based on deep neural network architectures and using parallel agents
during training). The simulators comprise adult, adolescent, and children T1D co-
horts with ten subjects each, representing patient variability found in a real T1D
population and allowing for simulating different meal scenarios. Section 4.2.1.1 pro-
vides an in-depth overview of the simulators.

The studies which propose RL-based APS can be classified as (1) hybrid systems
which only control basal insulin and (2) fully automatic APS. A majority of the pre-
vious work focused on hybrid approaches where Q-learning [Myhre et al., 2018; Ngo
et al., 2018a,b] and Deep Q-learning (DQN) [Zhu et al., 2019, 2020; Fox and Wiens,
2019] was used. Q-learning is one of the oldest algorithms in RL, and integrating
DL has resulted in DON. As Q-learning-based approaches require discrete actions,
these studies used handcrafted discrete actions of the insulin infusion rate. The SAC
algorithm [Haarnoja et al., 2018], which focused on a continuous action space, was
introduced in 2018 and Lim et al. [2021] proposed a system based on SAC to estimate
insulin, guided by a PID controller. The system also used a random forest regres-
sor and a dual attention network for glucose prediction. All of the above systems
require meal announcement, CHO estimation or both. Hence they cannot eliminate
the cognitive burden on the users associated with the tasks.

Recent studies have focused on fully automatic RL-based systems for glucose
regulation. Fox et al. [2020] proposed a SAC-based system that used historical glu-
cose and insulin values as input for glucose control. However, the system only fo-
cused on daily meals with low CHO contents. Lee et al. [2020b] proposed a bio-
inspired RL approach using the PPO algorithm [Schulman et al., 2017] proposed in
2017, where reward functions and discount factors of the algorithm reflected subject-
specific pharmacological characteristics and temporal homeostatic objectives (e.g.,
discounted rates derived from individual pharmacokinetics and pharmacodynamics
(PK/PD)). The system was only evaluated based on the in-silico adult T1D patient
population of the simulator. Both Fox et al. [2020] & Lee et al. [2020b] aims to elimi-
nate CHO counting. Table 3.1 summarises these fully autonomous RL-based systems
and includes the recent hybrid system proposed by Lim et al. [2021] for comparison.
A comprehensive review of RL in glucose control is presented in Tejedor et al. [2020].
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Table 3.1: Performance of reinforcement learning based control systems.

Study System Performance® Simulator
Adults | Adolescents
Fox and Wiens [2019]”
SAC FA Full cohorts Simglucose 2018
not considered (UVA /PADOVA 2008)
Fox et al. [2020]°
SAC (RL-MA) Hybrid" 77.12 Simglucose 2018
SAC (RL-Scratch) FA 72.68 (UVA /PADOVA 2008)
Lee et al. [2020b]
PPO FA 89.30+4.19 - Custom platform based
on UVA/PADOVA 2014
Lim et al. [2021]
SAC Hybrid’e 65.93£17.29 | 62.20+£19.99 | Custom platform based
on UVA /PADOVA 2014

TMetrics: The median TIR is presented for Fox et al. [2020], while TIR presented as mean=std for
Lee et al. [2020b] and Lim et al. [2021].

*Meal Protocol: Fox and Wiens [2019] and Fox et al. [2020] used low CHO meals (values not pro-
vided) while Lee et al. [2020b] and Lim et al. [2021] used meals with average daily CHO of 180g.

“ Experiments were conducted only on three handpicked subjects, "Results presented as the median
TIR across all cohorts and is the only RL-based study which includes the Child cohort. ‘Require at
least meal announcement.

Acronyms: CHO - Carbohydrates, FA - Fully Autonomous, MA - Meal Announcement, PPO - Proxi-
mal Policy Optimisation, RL - Reinforcement Learning, SAC - Soft Actor Critic, TIR - Time In Range.

3.5.2 Limitations and Areas of Improvement

Only a handful of RL-based studies have focused on designing fully autonomous
systems. RL-based APS designs need to focus on realistic meal scenarios with large
CHO contents to stress-test the system, which is a limitation in existing research [Fox
and Wiens, 2019; Fox et al., 2020]. In addition, there is a large variability among
people with T1D; specifically, the adolescent patient cohort is more challenging to
control [Kovatchev et al., 2009]. Hence, proposed systems must be validated on all
subjects across multiple in-silico cohorts to evaluate their performance, which is a
limitation of some previous work [Lee et al., 2020b]. It is also essential to focus on
generalised formulations, as methods that over-personalise based on in-silico subjects
may not be translatable to real life [Lee et al., 2020b]. Therefore, future research
efforts in RL-based APS are vital to developing generalised methods for handling
patient variability and realistic meal scenarios.

Applying RL to APS must contend with real-world challenges identified in Sec-
tion 3.3. The glucoregulatory system is a highly complex biological system with
uncertainties, disturbances, and unknown delays in glucose sensing and insulin ac-
tion. It is a safety-critical application that requires expert clinical knowledge for
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reward function formulation and faces challenges related to explainability and real-
world learning constraints. The problem also is associated with large state and action
spaces. The aspects of safety, explainability, and translation to real life in RL-based
APS need to be further explored. These characteristics must be built into the prob-
lem formulation and RL algorithm design. This can be achieved by focusing on
catastrophic failures, stability, architecture, and efficiency of RL algorithm design.

RL is an emerging and rapidly evolving area of research. Developing fully auto-
mated RL-based APS requires coordinating multidisciplinary teams involving people
with T1D, health experience experts, clinicians, engineers, and computer science re-
searchers. Hence, bridging the communication barriers between these stakeholders
is vital. The black-box nature of ML methods restricts the explainability of the con-
trol strategies [Tjoa and Guan, 2020]. Existing static treatment strategies are easy to
understand due to the distinct insulin infusion patterns related to meals and back-
ground insulin actions. However, the RL-based glucose control strategies are more
complex, with varying insulin levels. Current APS based on PID and MPC control
strategies presents tunable parameters which clinicians understand (e.g., glucose tar-
get, insulin factor) [Steil et al., 2011; Bequette, 2013]. Hence, RL-based APS could
focus on designing tunable parameters with clinical feedback while focusing on un-
derlying biological concepts of the glucoregulatory system [Kovatchev et al., 2009].
These parameters would help with explainability and are expected to help clinicians
experiment with RL-based APS and understand their operation. The feedback would
also be valuable to design RL-based APS to cater to the application’s specific needs
and thus could result in better performance. Hence, explainability can be viewed as
both the ability of the engineer to understand the clinical requirements as well as the
ability of the clinicians to understand the control strategy learnt.

3.6 Summary

This chapter introduced RL concepts, terminology, and applications. RL challenges
towards real-world applications were identified, and previous work on RL-based
APS for glucose control was explored to identify existing limitations and areas of
improvement. The following chapters of this thesis focus on presenting an RL-based
problem formulation, RL algorithm design, and approaches to address identified
challenges.
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Chapter 4

Problem Formulation and
State-Of-The-Art RL for Glucose
Control

In previous chapters, clinical and technical challenges of APS were discussed. The
cognitive burden on people with T1D and their carers was identified as an important
area for improvement.

“Pretty much constantly managing it. I weigh her food. I have a carb scale that tells the
carbs. So for every meal I'm weighing things, telling her how much insulin to give and on
her CGM [ ... ] So I'm constantly looking at my phone to see what her blood sugar is.”
[Hughes et al., 2020, p.913]

Existing APS are hybrid hybrid closed-loop systems which requires meal an-
nouncement and CHO estimation. Closed-loop systems have the potential to im-
prove glucose regulation and are also requested by people with T1D to minimise the
user burden as identified by the study conducted by Brew-Sam et al. [2021b].

“What is needed is an all in one device (CGM, insulin pump and control system) that
doesn’t require tubes and can be controlled via an app with an algorithm that constantly
requlates blood sugars that can operate as a closed loop system.”

[Brew-Sam et al., 2021b, p.11].

This chapter presents a closed-loop RL-based APS design, targeting the cogni-
tive burden associated with existing treatment related to CHO estimation and meal
announcement. First, a formulation for the glucose control problem is proposed by
focusing on the environment, state/action spaces, and reward function design. Next,
the state-of-the-art RL algorithms are explored and implemented to compare against
standard clinical treatment based on basal-bolus treatment strategies. Finally, the ex-
perimental design and evaluation metrics are presented, and the performance of the
designed fully-automated RL-based APS are evaluated.

39



40 Problem Formulation & State-Of-The-Art RL for Glucose Control

4.1 Introduction

Existing T1D treatment adds a significant cognitive burden to people with T1D and
their carers. ML techniques have been explored in different aspects of treatment to
alleviate this burden, as identified in Chapters 2 and 3. Eliminating meal CHO es-
timation and meal announcement and automating correction insulin doses provides
an opportunity to dramatically reduce a key contributor to the cognitive burden on
T1D users. This chapter explores the use of RL towards fully automating T1D treat-
ment. As identified in Chapter 3 the majority of proposed RL-based APS to date
require manual intervention. Only two fully automated systems have been proposed
[Lee et al., 2020b; Fox et al., 2020].

Formulating the glucose control problem considering the application-specific and
technical requirements is essential to developing RL-based control algorithms. The
problem formulation mainly focuses on the state space, action space, and reward
function designs. The RL-based approaches proposed in previous work have for-
mulated the glucose problem in a variety of different ways. The state space and
underlying MDPs of the RL problem are also formulated using different approaches
[Lee et al., 2020b; Fox et al., 2020; Zhu et al., 2019, 2020]. Some studies focus on
handcrafted discrete action space [Zhu et al., 2019, 2020; Fox and Wiens, 2019], while
others focus on continuous action spaces for insulin [Fox et al., 2020]. Also, a vari-
ety of different reward function formulations have been proposed based on clinical
risk indices [Fox and Wiens, 2019; Fox et al., 2020], sparse reward formulations [Zhu
et al., 2019, 2020], and experimental approaches [Lee et al., 2020b]. Section 4.2.1
of this chapter presents a novel formulation of the glucose problem, which aims to
address the challenges of fully automating T1D treatment.

In recent years, many RL algorithms have been proposed and tested on various
problem domains. In Section 4.2.2 of this chapter, the state-of-the-art algorithms
A2C (2016) [Mnih et al., 2016], PPO (2017) [Schulman et al., 2017], and SAC (2018)
[Haarnoja et al., 2018] are explored to evaluate their suitability to design RL-based
APS. These algorithms are selected due to their applicability to continuous control
problems, which focus on continuous action spaces. Following established best prac-
tices in the field, clinical benchmarks, experimental protocols, and evaluation metrics
are identified to compare the proposed methods. Finally, the characteristics of the
candidate algorithms are analysed based on their clinical performance and learning
behaviour.

4.2 Methodology: Eliminating Meal Announcement
and Estimation

The methodology is divided into problem formulation and RL algorithm design.
In the problem formulation section, the glucoregulatory system is identified as a
dynamical system, and the environment is defined based on state/action space and
reward function designs. The RL algorithm section identifies suitable algorithms for
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the task and presents their derivations, design, and implementation details.

4.2.1  Problem Formulation

This section first introduces the glucoregulatory system, available simulator models,
and the simulator selected in this thesis. Next, the environment of the glucose control
problem is formulated, and its characteristics are highlighted. Finally, designs for the
state/action space and reward function are presented.

4.2.1.1 The Glucoregulatory System

The glucoregulatory system of the human body can be viewed as a time-varying
dynamical system (Equation 4.1) and is commonly described mathematically using
compartmental models. Compartmental models divide the body into several com-
partments to model characteristics of the overall system [Sanchez, 2019]. The dy-
namical system states (x) represent the state of these compartments (e.g., The UVA /-
PADOVA model consists of states associated to glucose intestinal absorption, glu-
cose renal extraction, endogenous glucose production, ... [Kovatchev et al., 2009]),
and the control input (1) represents the administered insulin. The system under-
goes disturbances (w,;) due to activities such as meals and exercise and also features
time-varying biological parameters (wpg).

dx(t)
dt

Several glucoregulatory models have been proposed in previous work, where the
Minimal Model for Glucose Kinetics (1981) [Bergman et al., 1981], Sorenson’s model
(1985) [Sorensen, 1985], Hovorka’s Model [Wilinska et al., 2010], and the UVA/-
PADOVA simulator [Kovatchev et al., 2009; Visentin et al., 2018] are some of the
widely used models. The recent focus on additional inputs for APS improvement
has prompted the development of simulators incorporating supplementary physi-
ological signals and is discussed in detail in Chapter 7. The mGIPsim simulator
(2019) [Rashid et al., 2019] has incorporated physiological variables such as Heart
Rate (HR), skin temperature, accelerometer, and Energy Expenditure (EE). Resalat
et al (2019) [Resalat et al., 2019a] have also incorporated an exercise model in their
virtual patient population.

The UVA/PADOVA simulator [Kovatchev et al., 2009] was approved by the FDA
as a replacement for animal testing, simplifying the process of pre-clinical proof-of-
concept testing. The UVA/PADOVA simulator is currently the only such approved
simulator. It comprises adult, adolescent, and children T1D cohorts with ten subjects
each. The availability of a cohort rather than a single patient model aids in represent-
ing patient variability found in a real T1D population, making meaningful statistical
results available for evaluation. The simulator is developed using Matlab [Li, 2001]
and can simulate the effects of both insulin and glucagon in open-loop and closed-
loop configurations. Different meal scenarios (meal amount, mealtime, and duration)

= f(x,t,u, wg, wy). 4.1)
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can be simulated using different commercially available insulin pumps and continu-
ous glucose sensing hardware models [Dalla Man et al., 2014]. It also simulates the
errors associated with the selected sensors and pumps. Additional information on
the in-silico subjects, such as the weight, metabolic tests, and T1D treatment ratios
(TDI, Basal Rate), are also provided. The latest version of the simulator can simulate
exercise, model the impact of medications, intra-day variability of insulin sensitivity,
and the dawn phenomena, and includes updated models of glucagon and insulin
delivery [Visentin et al., 2018].

This thesis uses the Simglucose simulator [Xie, 2018], which is an open-source
Python implementation of the FDA-approved UVA/PADOVA (2008) model [Ko-
vatchev et al., 2009]. In contrast to other simulators, Simglucose can leverage the
existing PyTorch [Paszke et al., 2019] ML framework to develop control algorithms
for APS, which allows the integration of RL. Furthermore, Simglucose is freely avail-
able compared to others which require the purchase of licenses [Dalla Man et al,,
2014; Visentin et al., 2018]. This enables the reproducibility of the work presented in
this thesis.

4.2.1.2 Environment Design

In RL, the environment is typically an MDP where all states are known. The en-
vironment for the closed-loop glucose control problem in T1D is the glucoregula-
tory system of the human body, which is a partially observable complex dynamical
system [Kovatchev et al., 2009]. The glucoregulatory system is observed through
noisy glucose sensor measurements and controlled via an insulin infusion pump.
A Partially Observable Markov Decision Process (POMDP) is defined as a tuple
(5%,5,0,A,P,R), where S§* is the set of true environment states, S the set of states
observed by an observation function O, and A the set of actions. The transition
function P: (s*,a) — s’ represents the system dynamics, where at each step, the RL
agent is in a state s* € S*, takes an action a € A, and moves from s* to the next
state s’ € S*. The observation function O : s* — s maps the true environment states
to the observed states s € S, while the reward function R: (s,a) — r provides a
reward r € IR for taking action a4 at an observed state s. The task of the RL agent is to
achieve a defined goal by learning a mapping from states to actions which is called a
policy (7r(als)). The characteristics of the environment are summarised in Table 4.1.
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Table 4.1: Summary of environment characteristics.

Dimension Characteristic
Observations | Continuous
Actions Continuous
Time Discrete
Dynamics Stochastic
Observability | Partial
Agency Single agent
Uncertainty Uncertain
Termination | Continuing
Stationarity Non-stationary
Synchronicity | Asynchronous
Delays Yes

Reality Simulated

4.2.1.3 State Space Design

The observation function O: s} — (g;—k.t, it—kt) is designed to map the true states s;

at time t to glucose sensor observation g; and administered insulin i; augmented by

their past k historical measurements. Hence, the observed state space is defined as,

St = (gt—k:t, it—k:t)-

(4.2)
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Figure 4.1: State space design. (a) represents the state space at (s¢), while (b) repre-
sents the state space at (s;11). The state space includes glucose (g) (top) and insulin
(i) (bottom) measurements based on the sampling frequency of the sensor and pump.

4.2.1.4 Action Space Design

Most previous work focused on only controlling basal insulin and used handcrafted
discrete insulin actions. However, this thesis aimed to automate both basal and
bolus insulin to design fully-automated APS. Therefore, a continuous action space
A([—1,1]), which included both the basal and bolus insulin ranges, was used in this
work. The choice of a continuous action space was made to provide additional flexi-
bility to the RL agent to learn a control strategy as opposed to a handcrafted discrete
action space. The insulin infusion rate of the insulin pump Iy,np € [0,5] U/min was
defined as the control space. The action space was mapped to the control space using
a non-linear translation function introduced in Chapter 6 according to Equation (4.3),
where the parameter 1 was set to 4.0 and I;;5x to 5 U/min. A thorough analysis of
the proposed design and action-space representations are presented in Chapter 6.

Ipump = Imax - eiy(u—l),a € [_1/ 1]~ (4.3)
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4.2.1.5 Reward Function Design

The reward function is formulated based on the blood glucose Risk Index (RI), sim-
ilar to the work of Fox et al. [2020]; Hettiarachchi et al. [2022b]. The RI proposed by
Kovatchev et al. [2005] weights the risk of blood glucose levels based on the clinical
metrics Low Blood Glucose Risk Index (LBGI) and High Blood Glucose Risk Index
(HBGI) (Figure 4.2). Additionally, a penalty for hypoglycaemia (¢ < 39 mg/dL) is
introduced, and the RI normalised (RI) to [0, -1] for the rest of the glucose range
(Equation (4.4)). The penalty is introduced to discourage severe hypoglycaemia,
which could result in the death of a person.

R(St, tlt) = {_15 e = 39 mg/dL . (44)
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Figure 4.2: Blood glucose risk index.
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4.2.2 Implementing State-Of-The-Art RL Algorithms

RL algorithms can be broadly classified as value-based and policy-based methods.
Actor-critic is a type of method that lie in the intersection between value- and policy-
based methods leveraging the advantages of both. The majority of previous work
used value-based RL approaches to design hybrid APS, which focused on only con-
trolling basal insulin formulated as a handcrafted small discrete action space. How-
ever, bolus insulin requires a dynamic range to counter meals with different CHO
contents, which presents a large continuous action space. This thesis aims to de-
sign RL-based APS capable of fully automating insulin infusion (i.e., basal and bolus
insulin). Policy-gradient is a type of policy-based RL method that offer practical ad-
vantages for leveraging large continuous action spaces and learning stochastic poli-
cies [Sutton and Barto, 2018]. Hence, this work focuses on policy-gradient methods.
Specifically, the focus is on A2C, PPO, and SAC algorithms which are also actor-critic
methods. Actor-critic methods consist of two networks: (1) an actor network to learn
a policy and (2) a critic network to learn the value function. Thus, these methods can
be considered as a combination of value-based and policy gradient approaches.

RL tasks can be classified as episodic tasks, which can be naturally broken down
into identifiable episodes and continuing tasks, those which go on continually with-
out limit [Sutton and Barto, 2018]. The glucose control problem can be identified as a
continuing task. The RL objective can be formulated using either (1) the standard RL
objective or (2) the maximum entropy RL objective. The A2C and PPO algorithms
are constructed based on the standard RL objective, while SAC is based on the max-
imum entropy RL objective. This section first presents the standard RL objective to
formulate the A2C and PPO algorithms. Next, the maximum entropy objective is
presented to formulate the SAC algorithm.

The standard RL objective aims to maximise the expected sum of the rewards. In
continuing tasks, the standard RL objective can be formulated either using the dis-
counted or average reward RL setting. Discounted RL is a popular approach, where
a discount rate 0 < o < 1 is introduced to discount the future rewards. Depending
on the value 7, the agent could be either myopic or farsighted. Selecting the correct
7 is important in this approach [Naik et al., 2019]. In the average reward RL setting,
immediate and delayed rewards are equally important to the RL agent. In glucose
control, immediate glucose levels are equally important to overall glucose levels as
failures in the short-term to manage glucose could lead to catastrophic failures (e.g.,
short-term severe hypoglycaemia / severe hyperglycaemia). Identifying the optimal
discount rate is complicated, as it would depend on individual glucose dynamics.
In previous work, Lee et al. [2020b] personalised the discount rate by conducting
glucose clamp tests. However, such personalised tuning is challenging in real-world
applications. Hence, this thesis focuses on the average reward RL setting, which is
more naturally suited for the glucose control problem. Average reward RL can also
be identified as a more generalised formulation of the discounted RL problem [Naik
et al., 2019; Sutton and Barto, 2018]. A thorough analysis of the discounted and av-
erage reward RL is presented in Naik et al. [2019]; Sutton and Barto [2018].



§4.2 Methodology: Eliminating Meal Announcement and Estimation 47

Average Reward Reinforcement Learning Objective. The goals of the average re-
ward RL objective is to maximise the average reward [Naik et al., 2019; Sutton and
Barto, 2018] while following a control policy 7t defined as,

L 1
Rapg(r) = lim 7 Z]E[rt]so, ag.p—1 ~ 7T). (4.5)
t=1

h—o0

The policy 7t induces a value function
v (s¢) = E[Gt[s4], (4.6)

which estimates the expected return G; when starting from state s; and following the
policy 7r. The return G; is estimated according to

Gr = (ree1 = RY™) + (ra2 — RES) - 4 (ren — RY) + 07 (514), (4.7)

where n denotes the number of transition steps, and 9 (s¢+,) is the bootstrapped
value function estimate at end state s;,,. R?Ug is an estimate of Rm,g(n) at time t.
The advantage function

A (st ar) = Gt — 0" (st) (4.8)

is defined as the difference between the return and the value function estimate and
measures whether a target action is better or worse than the average actions. The n
step returns were used to compute the advantage function and value function targets
(ﬁ:mg et). The aim of the critic network (vy) is to learn the value function to predict the
expected return for a given state. The critic network was optimised to minimise the

objective function:
. 2
L(¢) = B | 3 (%(St) - @:arg6t> : (4.9)

4.2.2.1 Advantage Actor Critic (A2C)

In policy-gradient methods, a parameterised policy (7t(als, ) is optimised based on
the gradient of a scalar performance measure according to the policy gradient theo-
rem to learn an optimal policy [Sutton and Barto, 2018]. In A2C and PPO algorithms
the performance measure is based on the advantage function. The n step returns were
used to compute the advantage function targets (A;). The actor network objective for
A2C is to maximise the objective function (L7, (0)) defined in Equation (4.10). The
entropy of the policy (H(7(-|s¢))) is added to the objective to facilitate exploration
weighted by a hyperparameter f;.

LZZC(O) = IAE)t lOgT[g(Elt|St)At + ﬁSH<7T(|St))] . (4:10)
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4.2.2.2 Proximal Policy Optimisation (PPO)

The PPO algorithm [Schulman et al., 2017] imposes constraints on policy updates
to avoid excessive changes between the old policy (7 ,,) and the new policy (),
which is valuable in safety critical applications, where excessive changes in the con-
trol strategy could lead to unexpected behaviour. This is achieved by clipping the
probability ratios of the new and old policies at 1 — € or 1 + € as shown in Equa-
tion (4.11). The constrained optimisation also improves the sample efficiency of the
algorithm, by enabling multiple updates for a given data sample. The actor network
objective for PPO is to maximise the objective function (LT, (6)).

Lipo(6) = I,

min <7T9(at‘st)At, clip (m;(at]st) 1-¢,1 +€> At> + ﬁsH<7r(-|st)>]

neold <ut’5t) 7-[90[,1 (at‘st),
4.11)

4.2.2.3 Soft Actor Critic (SAC)

Maximum Entropy Reinforcement Learning Objective. The SAC algorithm [Haarnoja
et al., 2018] is an off-policy algorithm designed based on the maximum entropy ob-
jective which generalises the standard RL objective by augmenting it with an entropy
term (Equation (4.12)). The goal is to learn an optimal policy which also maximises
its entropy at each visited state. The temperature parameter a determines the relative
importance between the entropy term and the reward.

[ee]

Rentropy(n) = ZE
t=1

<rt + txH<7r(-\st)> |0, ag:p—1 ~ n] ) (4.12)

The action-value function or Q-function is defined as the value of taking action a; in
state s; under a policy 7t and denoted as g7 (s¢, ;) (Equation (4.13)).

q" (st,at) = E[G¢|st, ar ~ 7). (4.13)

The return G; is defined based on the discounted RL setting,

Gt =ri+7r1 + 92+ YT e+ 0 (14 (4.14)

Unlike A2C and PPO, in SAC the critic network aims to learn the soft Q-function.
The critic is implemented using two soft Q-functions (Q4’j) and two target Q-functions

(Q4;j) to mitigate the positive bias. The n step returns were used to compute the

action-value function targets (Q :Wget). The soft Q-function is learnt through minimis-

ing the objective function (LSQAC(4>j)) in Equation (4.15). The parameters of the target
Q functions are updated using soft replacement as shown in Equation (4.16).
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2
A 1 Atarge .
LEic(9)) = By 2<Q¢j<st>— i gt) for j € {1,2}. (4.15)

(75] = T(P] -+ (1 — T)(ﬁ] fOI‘j S {1, 2} (416)

The objective of the actor network is to update the policy towards the exponential
of the new soft Q function and the resulting optimisation objective is presented in
Equation (4.17).

Liac(6) = B,

alog(re(as|st)) — Qg (st at)] . (4.17)

The parameter « is learned automatically by minimising the objective function in
Equation (4.18). This ensures that the policy explores more the regions where the
optimal actions are uncertain and remain more deterministic in other regions. H is a
hyperparameter representing the target entropy.

gAC(“) = IEt

— alogm(ar|st) — (xI:I] : (4.18)

4.2.2.4 Design and Implementation Details

The neural network architectures of the three candidate RL algorithms are similar in
design. The actor and critic networks were implemented as two separate networks
and consisted of a feature extractor module implemented using a single-layer LSTM
network with 16 hidden units. The policy, value, and Q-function modules were
implemented using 3 dense layers with 32 units each and connected to the hidden
state of the LSTM network. The networks were implemented using PyTorch [Paszke
et al., 2019] and optimised using the Adam optimiser [Kingma and Ba, 2014]. ReLU
activation functions were used in the two networks.

In A2C and PPO the policy m was implemented as a Gaussian distribution where
tanh and sigmoid activation functions were used to predict the mean and standard
deviation of the policy. SAC used a similar structure. However the gaussian pol-
icy implemented was unbounded and an invertible squashing function was used as
presented in the original work of Haarnoja et al. [2018]. The hyperparameters of the
algorithms are presented in Table 4.2.

4.2.3 Clinical Benchmarks

The candidate RL algorithms were benchmarked against a basal-bolus (BB) clinical
insulin treatment strategy with meal announcement. For BB, a basal insulin infu-
sion rate is used to provide background insulin requirements, while a meal insulin
bolus dose is used to counter meals and a correction insulin bolus dose to counter
high blood glucose levels. BB treatment was used as the gold standard benchmark
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Table 4.2: Hyperparameters for A2C, PPO, and SAC.

Hyperparameter Value
Shared (A2C, PPO, SAC)
Sample time 5 minutes
Glucose sensor Guardian RT
Insulin pump Insulet
Augmented state history 12 (1-hour)
Total number of Interactions 800,000
Optimiser Adam [Kingma and Ba, 2014]
Number of steps per rollout (1) 256
Number of workers 16
Learning rate of policy/value 3x1074
PPO
Batch size of policy/value 1,024
No. of policy/value epochs 5
Entropy Coefficient (8;) 0.001
PPO clip range (€) 0.1
Target Kullback-Leiber divergence threshold 0.01
SAC
Replay buffer size 100, 000
Discount rate (7y) 0.997
Batch size 256
Target smoothing coefficient (7) 0.005
Target update interval 1
Gradient steps 1
Initial entropy coefficient 0.1
Target entropy (H) -1

Acronyms: A2C - Advantage Actor Critic, PPO - Proximal Policy Optimisation, SAC - Soft
Actor Critic.

for evaluation due to its widespread recognition among clinicians [Bergenstal et al.,
2010]. This treatment strategy is based on patient-specific characteristics and requires
prior knowledge about the CHO content of future meals (typically 20 minutes in ad-
vance).

Two versions of the BB treatment were replicated based on the previous work
of Fox et al. [2020]; the Basal-Bolus Ideal (BBI) case, where the CHO of announced
meals was provided accurately, and the realistic case, which considered the human
inaccuracy in CHO estimation named Basal Bolus Human Error (BBHE). The CHO
counting error was calculated using a mathematical model developed to conduct in-
silico trials [Roversi et al., 2020]. The model used the real CHO content of the meal
and meal type to simulate the decision of the patient with T1D.

For the replication of the two BB methods, the patient-specific characteristics
provided by the T1D simulator and parameters proposed in previous work [Fox
et al., 2020] were used. The final insulin delivered over time I; is presented in Equa-
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tion (4.19). Here c; represents the meal CHO estimate, g; the current glucose value,
and garger (140 mg/dL) the target glucose for correction boli. The Total Daily Insulin
(TDI) provided by the simulator for each subject was used to personalise the Basal
Rate (BR = 0.48 - TDI U/day), Carbohydrate Insulin Ratio (CIR = 2 g/U), and
Insulin Sensitivity Factor (ISF = 3% mg/dL per U) [Walsh et al., 2011]. The meal

bolus was calculated as % U, and delivered 20 minutes before a meal.

The correction insulin bolus was calculated as @tié#“) U, and was delivered

when the glucose level increased above the correction threshold of 150 mg/dL. The
correction insulin dose was replicated according to Fox et al. [2020] and was only
applied during meal events (c; > 0). The application of the correction bolus had a
further condition, where it was only applied when no other meals were present for a
past 3-hour duration. This ensured that each meal was only corrected once. The cool
parameter was set to match this criterion, where cool was set to 1 if no other meals
were present for the 3-hour duration and to 0 otherwise.

Iy =BR+ (¢; >0) - (CCItR + cool - gt_é%) . (4.19)

4.2.4 Evaluation Metrics

Both clinical metrics and RL-based metrics were used for the evaluation. The clinical
metrics included the standard T1D metrics of glucose risk indices (RI, HGBI, LGBI)
[Kovatchev et al., 2005] and the percentage of time spent in different glucose regions.
The definitions of the clinical metrics were presented in Table 2.1. The clinical objec-
tive was to minimise all risk indices, improve the time spent in the normoglycaemic
range (TIR), and minimise the time spent in other glucose regions (severe hypogly-
caemia, hypoglycaemia, hyperglycaemia, and severe hyperglycaemia). Additionally,
catastrophic failures were defined as those simulations that recorded glucose levels
outside the detectable range (40-600 mg/dL) of the glucose sensor!. Such simu-
lations were terminated, and a Failure Rate (FR) was calculated as the number of

catastrophic failures over the total evaluation simulations.

As the RL metric, the total reward achieved by an RL algorithm in evaluation
simulation (R®*" € [—15,288]) was used. The theoretical maximum total reward
achievable by following a perfect glucose control strategy was bounded by R =
288. The total reward achieved by an RL algorithm in an evaluation simulation
(Rev]), as a percentage of the maximum achievable reward (R*), was defined as the
Percentage Reward (PR = (%vfl) % 100). The RL objective was to maximise the PR

metric.

1A glucose level < 40 mg/dL is life-threatening and can result in major cardiovascular and cere-
brovascular problems [Kalra et al., 2013]. A glucose value > 600 mg/dL is also a life-threatening
emergency referred to as the Hyperosmolar hyperglycaemic state [Stoner, 2005].
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4.2.5 Experiments

The candidate RL algorithms were trained in-silico using the 10 adult and 10 adoles-
cent cohorts of the Simglucose T1D simulator [Xie, 2018]. The Insulet pump and the
GuardianRT glucose sensor provided by the simulator were used with a sampling
time of 5 minutes and a meal protocol was implemented to conduct simulations
[Hettiarachchi et al., 2022b].

This thesis defines two meal protocols; a training protocol for training the RL-
based algorithms and an evaluation protocol to evaluate treatment strategies. For
the training, a challenging yet realistic meal protocol where meals were uniformly
randomised based on CHO content and time was designed (Table 4.3). The randomi-
sation of the meal content and occurrence increased the uncertainty, and the large
CHO meals increased the disturbance to glucose control. The probability of occur-
rence of a meal was set to 0.95 to replicate missed meals by the user. The evaluation
meal protocol used in Lee et al. [2020b] was chosen for all algorithms to support com-
parisons with other works. The evaluation meal protocol spanned 24 hours starting
at 00:00hrs fixed with three meals: 40g of CHO for breakfast at 8:00hrs, 80g of CHO
for lunch at 13:00hrs, and 60g of CHO for dinner at 20:00hrs.

Table 4.3: Training meal protocol.

Meal Type | Time [hours] | Carbohydrate (CHO) content [g]
Breakfast 07:00-09:00 30-60
Lunch 12:00-14:00 70-100
Dinner 19:00-21:00 50-110

The RL algorithms were trained for multiple iterations until 800,000 interactions
were completed, and separate algorithms were trained for each in-silico subject. An
interaction was defined as an insulin delivery action taken every 5 minutes. For each
subject, the experiments were conducted for three different random seeds. The train-
ing of the candidate RL algorithms alternated between sampling and optimisation
phases conducted for multiple iterations. After the conclusion of each training itera-
tion, 60 evaluation simulations (i.e., 3 random seeds x 20 simulations/iteration) were
conducted for each subject. These simulations provided insights into the training
characteristics of the RL algorithms. Once training was fully complete (at 800,000
interactions), the RL algorithms were evaluated using 1,500 evaluation simulations
(i.e., 3 random seeds x 500 simulations/subject) conducted for each subject. Hence,
the evaluation protocol was used to analyse the performance of RL-based algorithms
during training and to compare all candidate algorithms upon the conclusion of
training. The evaluation of candidate RL algorithms and benchmark clinical treat-
ment methods was performed using the same two cohorts of the simulator. The
initial blood glucose level was restricted between 110-130 mg/dL for the evaluation
simulations to ensure fair comparisons between the methods. The BBI and BBHE ap-
proaches were also evaluated based on 1,500 evaluation simulations conducted for
each subject for comparison.
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4.3 Results

RL Analysis. The PPO algorithm performed best compared to A2C and SAC in terms
of the final reward performance on both adult and adolescent cohorts achieving a PR
of 91.54% and 86.53% respectively (Table 4.4). The comparatively lower PR on the
adolescent cohort highlights the challenging nature of glucose control in adolescents.
The training curves of the in-silico subjects provide insight into the learning behaviour
of the RL algorithms (Figure 4.3, 4.4). Stable learning was observed for PPO across all
subjects and was able to outperform A2C and SAC for all 20 in-silico subjects while
also being the most efficient.

The SAC algorithm performed worst and failed to converge in some subjects (e.g.,
Adult7, Adolescent4, Adolescent 5), while an unstable learning behaviour was ob-
served in almost all subjects, where large fluctuations in total reward were observed
(Figure 4.3, 4.4). This could be due to the off-policy nature of the algorithm. The SAC
algorithm also recorded a much higher FR compared to the PPO and A2C algorithms
for both cohorts, where the FR was 59.49% and 82.06% for the adult and adolescent
cohorts respectively.

A2C performed well compared to SAC. However, the efficiency in learning was
low compared to PPO, where a larger number of steps were required for conver-
gence (e.g., AdultO, Adolescent0) (Figure 4.3, 4.4). This could be due to the enhanced
sample efficiency of PPO. The FR in A2C was also higher compared to PPO, which
was 9.11% and 14.41% compared to the 2.79% and 4.93% in PPO for the adult and
adolescent cohorts respectively.

Table 4.4: Performance comparison of candidate glucose control algo-
rithms averaged for adult and adolescent cohorts. Detailed clinical results
are presented in Table 4.5, 4.6.

Algorithm | TIR (%) | Failure Rate (%) | Percentage Reward (%)
Adults

BBI 71.02+£11.29 0.39 -
BBHE 69.784+11.29 0.35 -

A2C 59.06+14.31 9.11 84.86+16.23
PPO 69.124+10.53 2.79 91.544-8.88
SAC 61.764-21.01 59.49 50.71433.97
Adolescents

BBI 71.43+12.31 0.00 -
BBHE 70.234+ 12.52 0.00 -

A2C 56.03+14.40 14.41 78.70+£16.51
PPO 63.724+13.95 493 86.534+10.67
SAC 65.62+20.16 82.06 37.22+30.82

Acronyms: A2C - Advantage Actor Critic, BBHE - Basal Bolus Human Error, BBI
- Basal Bolus Ideal, PPO - Proximal Policy Optimisation, SAC - Soft Actor Critic,
TIR - Time In Range.
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Figure 4.3: Comparison of A2C, PPO, SAC algorithms during training on the adult
cohort. The mean and standard deviation (shaded area) of the total cumulative re-
ward for evaluation simulations (3 random seeds x 20 evaluation scenarios / itera-

tion) achieved is presented against 800,000 learning interactions.
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reward for evaluation simulations (3 random seeds x 20 evaluation scenarios / itera-
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Clinical Analysis. As expected, reflecting the reward performance, PPO performed
better in terms of the clinical metrics of TIR and failures compared to A2C and SAC
(Table 4.4). BBI and BBHE methods based on basal-bolus clinical treatment were
used as the gold standard benchmark. It is essential to highlight that these methods
use meal announcements 20 minutes in advance to mitigate the disturbances of meal
events and CHO estimation. Hence, the direct comparison of BBI and BBHE is very
challenging for the autonomous RL-based methods explored in this thesis. Thus,
there is a trade-off between the control performance and the cognitive burden on
people with T1D. Therefore, this thesis, aims to achieve the established gold standard
performance while eliminating the cognitive burden.

The TIR performance of PPO (69.1%) was slightly below BBI (71.0%) and BBHE
(69.8%) approaches in the adult cohort, while it was lower in the challenging ado-
lescent cohort, where PPO only achieved 63.7% compared to 71.4% and 70.2% in the
BBI and BBHE respectively. The failure rate was also higher in PPO compared to the
BB approaches. As expected, the TIR performance of BBHE was lower than BBI due
to the replicated human error in BBHE. A detailed comparison of clinical metrics
between the candidate algorithms is presented in Table 4.5 and 4.6.

The insulin administration strategies learnt by the RL-based algorithms were
much more complex compared to the BB strategies (Figure 4.5). This highlights the
importance of focussing on the explainability of RL-based APS. Example simulated
glucose control trajectories for the candidate algorithms focusing on Adolescent0 are
presented in Figure 4.5 (in Chapter 8, an online demonstration tool is introduced,
which can be used to run custom simulations for the in-silico T1D subjects to visu-
alise the performance of the candidate algorithms).



§4.3 Results 57

. — CGM (sensor: GuardianRT)
[farbonydrates: 80.0g ~— Insulin (Pump: Insulet)
500 Carbohydrates: 40.0g Cambohydrates: 5007

400

oM [mgrdL]
g
g

200
L~ — N L
100
03:00 06:00 03:00 12:00 15:00 18:00 21:00
Jan 02
0300 06:00 08:00 12:00 15:00 18:00 21:00
Jan 02
Time (hrs)
(a) Basal Bolus Ideal (BBI)
— CGM (Sensor: GuardianRT)
Carbohydrates: 80.0g —— Insulin (Pump: Insulet)
500 Carbohydrates: 40.0g Carbohydrates: 60.0g

CGM [mg/dL]

e /\//\/W_//—\\—/\_- /\’\/‘M\/_ L o~—

100
03:00 06:00 03:00 12:00 15:00 18:00 21:00
Jan 02
03:00 06:00 03:00 12:00 15:00 18:00 21:00
Jan 02
Time (hrs)

(b) Basal Bolus Human Error (BBHE)

—— CGM (Sensor: GuardianRT)

300
—— Insulin (Pump: Insulet)
50 80.0g
= 00 _arbohydrates: 40.0g arbohydrates: 60.0g
E
E
= 150
&
5
100
50
03-00 06:00 09-00 12:00 15:00 18:00 21:00
= 108n01 Jan|02
5107
7107
10
03-00 06:00 09-00 12:00 15:00 18:00 21:00
Jan 01 Jan 02
Time {hrs)
(c) Advantage Actor Critic (A2C)
0 —— CGM (Sensor: GuardianRT)
—— Insulin (Pump: Insulet}
200 arbohydrates: 80.0g
g
%m0 arbohydrates: 40.0g arbohydrates,
E
=
g
100

50
03:00 06:00 09:00 1200 15.00 18:00 21:00
Janj02
03:00 06:00 09:00 12:00 1500 18:00 21:00
Jan 02
Time (hrs}

(d) Proximal Policy Optimisation (PPO)

—— CGM {Sensor- GuardianRT)
300 —— Insulin (Pump: Insulet}
Cartohydrates. 80.0g

50
= arbohydrates: 40 0g arbohydrates: 60.0g
< .0
E
£
5 150
=1
100
50
03:00 06:00 900 1200 15.00 18:00 21:00
01 Janj02
03:00 06:00 09:00 12:00 1500 18:00 21:00
Jan 01 Jan 02

Time {hrs}
(e) Soft Actor Critic (SAC)

Figure 4.5: Sample glucose simulation trajectories for BBI, BBHE, A2C, PPO, and
SAC based on Adolescent0.
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4.4 Discussion

In this chapter, first, the glucose control problem was modelled as a POMDP and
state/action space, and the reward function was designed to formulate it as an RL
task. Next, three state-of-the-art RL algorithms (A2C, PPO, and SAC) were selected
for comparisons and benchmarked against standard BB clinical treatment. The PPO
algorithm demonstrated superior performance, efficiency, and smooth learning com-
pared to A2C and SAC algorithms. The comparative superior performance of PPO
over the other candidate RL algorithms can be attributed to the on-policy constrained
policy optimisation procedure, which improves sample efficiency compared to A2C
and stability compared to SAC. PPO showed promise in eliminating CHO estima-
tion and meal announcement. Hence, PPO can be shortlisted as a suitable algorithm
to explore the development of RL-based APS. Even though the PPO algorithm has
potential to reduce the cognitive burden compared to the standard BB clinical treat-
ment approaches, the performance of PPO was lower. Therefore, PPO requires fur-
ther performance improvements. Specifically, the TIR performance can be improved,
and catastrophic failures must be reduced. In the next chapter, a novel RL algorithm
named G2P2C is developed based on PPO and its identified favourable characteris-
tics to address these challenges.

The best practice in control algorithm development for APS is first to use FDA-
approved simulators Kovatchev et al. [2009], which is also essential in the context of
RL-based systems due to safety constraints and the requirement of large amounts of
interactions restricting in-vivo training. Then as a next step, periodical personalisa-
tion of treatment is carried out by clinicians [Nathan et al., 1993]. Hence, designing
general algorithms during in-silico training that can be personalised during in-vivo
translation is essential. The proposed problem formulation does not use person-
alised measures of the in-silico subjects compared to previous work [Fox et al., 2020;
Lee et al., 2020b]. Lee et al. [2020b] tunes a discount rate based on personalised nor-
moglycaemic glucose clamp tests, and Fox et al. [2020] personalises the action space
based on individual basal rates. The average reward RL setting used in this work
eliminates the need for a discount rate, and the proposed action space formulation
does not require personalisation (a detailed analysis of the proposed action space for-
mulation is presented in Chapter 6). Hence, the proposed generalised formulation is
expected to be valuable in translating the research to the real world. However, it is
essential to highlight that a data-driven personalisation approach would be valuable
for APS (e.g., using a learned glucose dynamics model of an individual for glucose
control). This aspect will be explored in the next chapter. Also, it is important to
highlight that RL algorithms require significant compute during training and param-
eter tuning, which makes personalisation for each individual in-silico subject highly
inefficient and unscalable.

Previous work on RL-based APS mainly focused on Q-learning and DQN-based
RL algorithms to design hybrid systems, where the agent was provided handcrafted
discrete insulin actions only to control basal insulin [Ngo et al., 2018a,b; Zhu et al,,
2019; Fox and Wiens, 2019; Zhu et al., 2020]. Recent advancements in RL algorithms
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have focused on continuous control through continuous action spaces (Section 3.4).
Hence, the state-of-the-art A2C, PPO, and SAC algorithms were selected in this anal-
ysis to control both basal and bolus insulin. PPO and SAC algorithms have also
been explored in recent work on RL-based APS [Fox et al., 2020; Lee et al., 2020b;
Lim et al., 2021]. A comparison of the RL-based APS proposed in this thesis against
previous work is provided in the next chapter. In this study, even though similar
neural network architectures and learning parameters were used (Section 4.2.2.4),
the performance of SAC was inferior to A2C and PPO algorithms. The stability dur-
ing training was also inferior in SAC (Figure 4.3, 4.4), which could be due to the fact
that it is an off-policy algorithm compared to A2C and PPO, which are on-policy
algorithms (Section 3.1). The SAC algorithm is based on a maximum entropy RL
objective and was designed using a discounted RL setting. In contrast, the A2C and
PPO algorithms were designed using an average reward RL objective.

In popular RL problems and benchmarks, the problem formulations are well es-
tablished. Hence, they do not require effort to explore different state/action spaces
and reward function formulations. However, this task required the exploration of dif-
ferent designs. Moreover, RL algorithms are often brittle to hyperparameter settings
(e.g., learning rate, batch size, entropy coefficient). In established benchmarks, stable
algorithm implementations and hyperparameter settings are often publicly available
and presented in the literature. However, in the problem of glucose control, such im-
plementations and algorithm settings are not available due to the less exploration of
the problem. Hence, to facilitate the research in this domain and for reproducibility,
this work’s implementations and hyperparameter settings are published on GitHub
(https://github.com/chirathyh /G2P2C) as open-source under the MIT license.


https://github.com/chirathyh/G2P2C
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Chapter 5

G2P2C: A Novel Modular RL
Algorithm for Glucose Control

This chapter introduces a novel RL-based algorithm to address the shortcomings of
the state-of-the-art algorithms explored in the previous chapter. The proposed al-
gorithm extends the PPO algorithm by introducing two novel optimisation phases,
model learning and planning. In view of these novel added features, the algo-
rithm was named G2P2C — Glucose Control by Glucose Prediction and Planning.
This chapter presents the algorithm design and implementation details of G2P2C
and evaluates its performance against clinical treatment benchmarks and the best-
performing state-of-the-art PPO algorithm from the previous chapter.

5.1 Introduction

In the previous chapter, the state-of-the-art RL algorithms were explored to de-
sign RL-based APS while addressing the challenges of partial observability, high-
dimensional state/action spaces, large sensor/actuator delays, and reward function
design through the proposed problem formulation. However, the performance of the
proposed system can be further improved compared to basal-bolus clinical treatment,
and challenges associated with safety, explainability, and transferability remain. This
chapter investigates improvements to APS safety by focussing on practical limitations
of the standard RL optimisation objective, which arise from the lack of knowledge to
formulate an ideal reward function.

Most real-life control problems often have short-term and long-term objectives,
and formulating reward functions to capture both objectives is challenging or even
infeasible [Khorasgani et al., 2019]. To focus on the two objectives, model-based RL
approaches which leverage short/long-term prediction models have been proposed
Khorasgani et al. [2019], while several studies have focused on learning value func-
tions over multiple time horizons [Sutton, 1995; Fedus et al., 2019; Romoff et al,,
2019].

The glucose regulation task also has both long- and short-term objectives. The
long-term objective is to improve the time spent in the desirable normoglycaemic
range, whereas short-term hypoglycaemia and hyperglycaemia are detrimental to
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health [DiMeglio et al., 2018]. Ideally, optimising for the long-term through an infi-
nite horizon RL objective is expected to result in learning a policy that is also optimal
in the short term. However, in the previous chapter, it was observed that the learnt
policies for glucose control are sub-optimal in the short term due to the presence of
catastrophic failures. Even though infrequent, these failures are unacceptable for a
high-risk medical application since they could result in death (e.g., severe hypogly-
caemia in the short term).

APS are categorised as high-risk medical devices, and the best practice for de-
veloping control algorithms is first to use FDA-approved simulators Kovatchev et al.
[2009]. These algorithms are later fine-tuned and personalised periodically to in-
dividuals [Nathan et al.,, 1993]. Designing RL-based APS, which learns online on
real-world people, is practically infeasible as RL algorithms typically require large
amounts of experience to learn a stable policy for which years of training is required
(At the rate of 5 minutes per learning experience adopted in Chapter 4, training
would require more than 9.5 years). Offline strategies would still require extensive
experience, and current clinical treatment strategies used to collect such experience
may not provide valuable information. This is due to their static rule-based nature
[Nathan et al., 1993], where a fixed basal rate is used together with sparse bolus in-
sulin doses, which limits the exploration required in the action space for RL agents.
Hence, using simulators as a first step to train RL-based APS is a more suitable ap-
proach, while personalising and fine-tuning can be carried out as the next step. It
is essential to learn a safe control policy during in-silico initial training and focus
on safe personalisation during in-vivo fine-tuning. This chapter focuses on learn-
ing a safe control policy in-silico, while research on strategies to safely transfer and
personalise the learnt policy to the real world is reserved for future work.

A novel modular RL algorithm was designed to address safety and improve the
performance of APS. The proposed algorithm extends PPO with two additional opti-
misation phases, model learning and planning. In view of these added features, the
algorithm was named G2P2C — Glucose Control by Glucose Prediction and Plan-
ning (Figure 5.1). In the model learning phase, a glucose dynamics model is learned
as an auxiliary learning task, followed by the planning phase to fine-tune the learned
control policy to a short-time horizon by conducting model-based simulations to
improve safety. Therefore the proposed approach could combine the characteristics
of both model-free and model-based methods. Furthermore, G2P2C improves sam-
ple efficiency and possesses desirable characteristics towards offline personalisation,
which is expected to be valuable. The performance of G2P2C was assessed in-silico
and comparatively evaluated against the state-of-the-art PPO algorithm and basal-
bolus clinical treatment benchmarks.
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Figure 5.1: G2P2C - Glucose Control by Glucose Prediction and Planning. (A) a glu-

cose sensor and an insulin pump attached to a Type 1 Diabetes (T1D) patient, and (B)

the proposed Reinforcement Learning (RL)-based control algorithm G2P2C. G2P2C

uses its experience to learn a control policy (direct RL) while storing its experience

in a replay buffer. It uses stored data to learn a glucose dynamics model (model
learning), which is then used to improve the policy (planning).

5.2 Methodology: Glucose Control by Glucose Prediction and
Planning

This section introduces the G2P2C algorithm by presenting its neural network archi-
tecture, algorithmic improvements, and implementation details. This section uses the
problem formulation (Section 4.2.1), clinical benchmarks (Section 4.2.3), and evalua-
tion metrics (Section 4.2.4) presented in Chapter 4.

5.2.1 Architecture

G2P2C is a modular RL algorithm based on PPO, which introduces two additional
optimisation phases, namely, model learning and planning. PPO was selected as
the basis for designing G2P2C due to its demonstrated superior performance (Chap-
ter 4) and efficiency in safety-critical applications, where excessive changes in the
control policy could lead to unexpected behaviour. G2P2C is implemented using
two separate neural networks with similar architecture; the Actor-Network (IT) and
the Critic-Network (Vj,). Each network has three modules as shown in Figure 5.2,
a feature extractor module (E', EV), a glucose prediction module (M, M") and a
policy(7r)/value(v) module respectively. The feature extractor modules E'! and EV
are based on an LSTM network [Hochreiter and Schmidhuber, 1997], where the in-
put is the observed state (s,) and the output is the hidden state vector (h,) of the
LSTM. The ITy network included the policy module 7, representing the policy func-
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tion, while Vj included the value module v, which represented the value function.
They used h, as the input. The output of the policy module (71) was formulated as
a normal distribution (N (y, 0)) over the action space, where both y and ¢ param-
eters were learned. The output of the value module (v) was trained to predict the
expected return (vy(s;)). The glucose prediction modules (M and M") are trained
to learn the glucose dynamics of the target T1D subject. The functionality of M!! and
MV will be discussed in Section 5.2.2.2.

Actor Network (II5) Critic Network (V)
™ mo(alsn) v
Policy > Value > vg(v|sn)
Medule /N Module
o EY
Sn T Feature b an Sn 7" Feature ha an
Extractor l Extractor l
Module o Module v
M i M v
Glucose My (g”“ls"’a‘n) Glucose M¢ (gn+1‘sn,a,,)
Prediction N\ Prediction 7\
Module J/ . Module / .
- ~ - ~

Figure 5.2: Schematic diagram of actor and critic networks.

5.2.2 Algorithm

G2P2C alternates between sampling and optimisation. During sampling, the current
policy was used by w parallel agents and simulations were rolled out for n time
steps. The resulting trajectory (s1,4a1,71,52,42 - - -) information was stored in a data
buffer (D). Once the sampling procedure was complete, the optimisation procedure
commenced, consisting of three sequential update phases. The first phase used the
standard policy and value update of PPO [Schulman et al., 2017], the second phase
was the model learning update, and the third phase was the planning update. The
second and third update phases were designed to extend the PPO algorithm to in-
corporate a short-horizon fine-tuning of the policy.

5.2.2.1 PPO Phase

During the first phase, the standard PPO optimisation update was carried out, where
the optimisation objective of the policy module was to maximise the objective func-
tion L™ (0) defined in Equation (5.1):

i 28050 (L)1) ) ()

L7(0) =1
( ) t 7-[90141 (at‘st) 7-(90111 (at’St
(5.1)
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where 719, is the policy prior to the update. Excessive changes between the new and
old policies were constrained by clipping the probability ratios of the policies to the
interval [1 —¢,1+€]. H(7t(+|s;)) represents the entropy term used in the optimisation
to facilitate exploration where B; was a hyperparameter. The return G; defined in
Equation (4.7) was used to calculate the advantage function estimate A; and value
function targets @iarget. The value module objective was to minimise the objective

function L?(¢) defined in Equation (5.2).
. 2
2 (up(st) - d”g“) ] : (5.2)

The model learning phase succeeded the PPO phase. The glucose prediction mod-
ules MM and MY introduced in the actor and critic networks, respectively, were used
in this phase. As an auxiliary learning task, the M!! and MY modules were trained to
learn the glucose dynamics of the target T1D subject. The hidden states of the LSTM
(hy) and a, were integrated as inputs to the glucose prediction modules, where the
output was the one-step ahead glucose estimate (g,+1) represented as a normal dis-
tribution. This design was expected to further facilitate the learning of a dynamical
system state representation (s}) at the hidden state (h,) of the LSTM networks, as
hidden states (%,) of LSTM networks are capable of learning a representation of the
state space (s}) of a dynamical system [Ljung et al., 2020]. The glucose prediction
modules were implemented using the same architecture and trained for the same
task to facilitate feature distillation between the networks, inspired by Cobbe et al.
[2021]. Furthermore, the learned glucose dynamics model in the actor-network was
later used in the planning phase.

A replay buffer (B) was introduced to store the latest trajectories experienced by
the algorithm as triplets of s;,a;, and g;11. The model-learning update commenced
once B was filled (25,000 interactions). The optimisation objective was based on
maximum likelihood estimation, where the objective was to minimise LM“(G) and
LM’ (¢) defined in Equation (5.3), (5.4). The Kullback-Leiber divergence (dx;) and
Mean Squared Error (MSE) penalties applied in LM (8) and LM’ (¢) respectively
aimed to minimise the divergence from the already learned policy 7y, and value
function vy, after the PPO update phase. Hyperparameters 1 and B, were intro-
duced to regularise the respective penalties.

5.2.2.2 Model Learning Phase

LMY (9) = &,

~log (M5<gt+1|sf, ao) T i {ne,g,must), n9<-|st>]] .63

LM (¢) = I,

2
 log (M (geialsan) ) + o (0 (51) = 20061 ) ] SRNCRY
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5.2.2.3 Planning Phase

Following the model-learning phase, the third and final update was performed dur-
ing the planning phase. A plan-space planning [Sutton and Barto, 2018] approach
was introduced to improve the learned policy by integrating a short-term optimisa-
tion objective. The planning phase only used the Ils network since it focused on
fine-tuning the learned policy module. Once M!! achieved a prediction accuracy
of Root Mean Squared Error (RMSE) < ejgrger (15mg/dL), the planning phase com-
menced. M'! was used to carry out m number of short-horizon (11,,, = 6 simulation
steps (30 minutes)) Monte Carlo rollouts (7) for each state stored in the buffer D. For
each state, the rollout with the best simulated-return (t*) was identified according to
Equation (5.5). The planning phase fine-tuned the policy toward the best action (a;)
associated with the target state (s;). The planning objective was to minimise LP!*"(9),
which was designed based on maximum likelihood estimation (Equation (5.6)). Dur-
ing the planning phase, the I'ly network weights associated with E'l and M modules
were kept fixed, and only the weights associated with the 77 module were updated.
This was done to ensure that the planning phase reflected a fixed M'!. The steps of
the G2P2C algorithm are summarised in Algorithm 1.

Mplan
" = arg max ( Z Ry) + U(Snplan)] . (5.5)
L g=1
L9y = iy | — log<7rg(a;"|st))] . (5.6)
U oI o SRt e
. _® Simulated trajectory with
'-D.D best return (+*) for state 8.
81 L
<70, 07
Sog a5, - O
s 8. e 0O
C Q.. e
P 8

D

Figure 5.3: Illustration of the planning phase in G2P2C. During planning, short-

horizon trajectories are simulated using the learned glucose dynamics model for the

states stored in the rollout buffer D. Planning updates use the initial action with the
best trajectory for each state.
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Algorithm 1 G2P2C

Initialise an empty auxiliary buffer (B) of the size Np.
Initialise the average reward estimate (R™8 = 0, Nypsar = 0).
Initialise Actor-Network (I1) and Critic-Network (V) weights (6, ¢).
for iteration = 1,2,3,--- do
Initialise an empty data buffer (D) of the size Np.
Perform n-step rollouts for w parallel workers under current policy 71, and
store (s, a,, ry) transitions — D.
Store (s, 4, gn+1) transitions — B .
Compute the advantages A; & value function targets zﬁimgd.
Update the average reward estimate (Rp = ZIij—iD):
Niotar = Niotat + Np,

RS ¢ RS 4 o (Rp — R™S).
ota

(1) PPO Phase:
for epoch =1,2,3,--- ,E; do
optimise L' wrt 6, on all data in D:
00+ uap- V@LH(H).
Early stop:
dKL[T[Bald(‘|5t)/ 7T9('|St)] > dtarget-
end for
for epoch =1,2,3,--- ,Ey do
optimise LY wrt ¢, on all data in D:
¢ ¢ —az- VoLV (0).
end for

(2) Model Learning Phase:
if B is filled then
for epoch =1,2,3,--- ,Ep do
optimise LM" wrt §, on all data in B:
0« 60 —ay- VoLM'(6).
optimise LMY wrt ¢, on all data in B:
¢ ¢ —as- VLM ().
end for
end if

(3) Planning Phase:

: 11
if Mpredferror < Ctarget then

Fix parameters related to E'!, M'! modules of the actor network (IT).
for epoch =1,2,3,-- -, Eptan do
optimise LP!*" wrt 6, on all data in D:
0+ 0 —as- VoLPlon ().

end for

end if

014 < 6.

$o1a < ¢.

if Niotar > Itorar then
Stop.

end if

end for
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5.2.3 Implementation Details

To support comparisons, the neural network implementation and optimisation algo-
rithm of G2P2C is similar to the state-of-the-art algorithm implementation presented
in Section 4.2.2.4. The hyperparameters of G2P2C and their values are summarised
in Table 5.1.

Table 5.1: Hyperparameters for G2P2C.

Hyperparameter Symbol Value
Sample time 5 minutes
Glucose sensor Guardian RT
Insulin pump Insulet
Augmented state history k 12 (1-hour)
Total number of Interactions Liotal 800, 000
Batch size of policy, value, model-learning, 1,024
and planning

Number of steps per rollout Mrollout 256
Number of workers w 16

Data buffer (D) size Np Myollout * W
Replay buffer (B) size Np 25,000
No. of policy epochs / value epochs / | Em, Ev,Em 5
model-learning epochs

No. of planning epochs Eptan 1
Entropy Coefficient Bs 0.001
Penalty Coefficient aux-policy / aux-value B1, B2 0.01
Learning rate of policy / value / model- | as, a3, a4, a5 3x10°%
learning / planning

PPO clip range € 0.1
Target Kullback-Leiber divergence (dkr) Atarget 0.01
threshold

Target glucose prediction error threshold Ctarget 15mg/dL
Planning trajectories m 50 (per state)
Planning horizon M plan 6 (30-minutes)
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5.2.4 Experiments and Evaluation Metrics

The experimental procedure discussed in Section 4.2.5 was used to evaluate G2P2C.
G2P2C used the same number of training interactions (800, 000), which was assumed
sufficient for the policies to converge. The similar experimental procedure and learn-
ing parameters provided fair comparisons between G2P2C and PPO.

The RL performance of G2P2C and PPO algorithms were analysed using their
training curve characteristics and the Percentage Reward (PR) metric, as discussed
in Sections 4.2.4 and 4.2.5. In addition, a modified version of the post-convergence
instability (PCI) metric proposed in Dulac-Arnold et al. [2020] was used to compare
the instability of the converged policies between PPO and G2P2C. To derive PCI,
first, the evaluation simulations of both PPO and G2P2C (1,500 each) were used to
calculate the 95% confidence interval ([R%% Rff;féer]) for R%, across the algorithms

for each subject. Next, PCI was calculated as the percentage of evaluation simulations
Z}E%O l(quval < Reval

where R is below R . Hence, PCI(t) = (21—t ’“w‘—”)) * 100, where 1(.)

lower*
was an indicator function. The objective was to minimise PCI, which reflects better

stability. Furthermore, in addition to the cohort-level analysis, a statistical analysis
was conducted to compare the PR performance between PPO and G2P2C algorithms
for each in-silico subject accounting for the inter- and intra- population variability.

Following best practices, a cohort-level clinical analysis of G2P2C was conducted
using the BBI and BBHE clinical treatment strategies and clinical metrics presented in
Section 4.2.4, which included Time-In-Range (TIR) and Failure Rate (FR) metrics. A
statistical analysis was conducted to compare the TIR performance of G2P2C against
BBI and BBHE.

The statistical analysis were conducted using the IBM SPSS Statistics Software
(Version-28.0.1.1). A Shapiro-Wilk Test [Shapiro and Wilk, 1965] was performed to
check the normality, Mann-Whitney U Test [Mann and Whitney, 1947] was conducted
to evaluate significance, and effect size calculated using the Pearson product-moment
correlation coefficient (r) [Fritz et al., 2012].
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5.3 Results

RL Analysis. G2P2C achieved a statistically significant (P < 0.05) PR improvement
compared to PPO for 18 of the 20 subjects (Table 5.2). The performance improvement
was non-significant for Adolescent0 and Adolescent4. Adolescent0 was the easiest to
control under both RL-based methods (97.50%, 97.99%), leaving almost no margin for
improvement for G2P2C. The inability of G2P2C to achieve significant PR improve-
ments in Adolescent4 could be related to the observed instability compared to PPO,
which should be further investigated. Adolescent6 (72.89%, 80.55%) was the hardest
to control for both RL algorithms. G2P2C gave the largest improvement in the PR
performance for Adolescent6, where it achieved a PR of 80.55% compared to 72.89%
in PPO. Figure 5.4 summarises the PCI metric for the target subjects. PPO showed
higher instability compared to G2P2C in all subjects except for Adult9 and Adoles-
cent4. For some subjects (Adult0, Adult4, Adolescentl, Adolescent3, Adolescent6),
G2P2C showed a very large improvement (> 25%) in PCI.
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Figure 5.4: Post-convergence instability (PCI) comparison between PPO and G2P2C
algorithms calculated based on evaluation simulations.

The standard deviation of the PR of the evaluation simulations was reduced in 18
out of the 20 subjects (except for Adult5 and Adult6) (Table 5.2); this behaviour is ben-
eficial for the glucose control task to reduce uncertainty. The reduction in the stan-
dard deviation was also visible through a qualitative analysis of the reward curves.
The reward curves present the learning behaviour of RL algorithms during training
(Figures 5.5 and 5.6). The reduction in the standard deviation was attributable to
the effect of the planning phase proposed in G2P2C. At the beginning of training,
the reward curves had a similar standard deviation for both PPO and G2P2C (Fig-
ures 5.5 and 5.6). However, the planning phase of G2P2C was automatically initiated
at approximately 200,000 learning interactions once the learned glucose prediction
module (M!!) achieved the predefined accuracy threshold. By analysing the reward
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curves, it can be observed that the standard deviation began to reduce in G2P2C
compared to PPO once the planning was initiated. This reduction in the standard
deviation was more prominent in some subjects (e.g., Adult0, Adolescent0) compared
to others (e.g., Adult3, Adolescentt).

The experimental results indicate that changes in the learning horizon from long-
term only (PPO) to additional short-term fine tuning (G2P2C) benefited toward the
performance by reducing catastrophic failures. The fine-tuning of the policy to the
short-term (Equation (5.6)) also reduced the variability in performance (Figure 5.5,
5.6). High variability in performance was observed among subjects (Adolescent0 was
the easiest (Figure 5.8), while Adolescent6 was the hardest to control (Figure 5.8) (Ta-
ble 5.2). Hence, an average reward RL objective was used in G2P2C, compared to the
popular discounted RL setting, which requires personalised tuning of the discount-
ing rate to learn satisfactory control policies.

Table 5.2: Comparison of percentage reward for all subjects based on evalua-
tion simulations.

Subject PPO G2P2C Significance (PPO - G2P2C)
Adult0” 94.00+4.42 95.50+£1.02 P < .001, r =034
Adultl” 95.694+3.39 96.31+0.99 P < .001,r=0.14
Adult2” 87.33+14.822 | 91.924+6.53 P <.001,r=044
Adult3” 88.71+12.13 | 90.644+9.86 P < .001, =021
Adultd” 92.4049.21 94.7345.03 P <.001,r =051
Adult5” 88.174+9.49 | 88.19+14.80 P < .001, r =0.30
Adult6’ 92.07+7.51 92.3249.91 P <.001,r=0.22
Adult?’ 94.77+3.39 95.57+1.77 P <.001,r=022
Adult§” 89.824+6.26 91.18+1.41 P < .001,r =0.19
Adult9” 92.46+5.85 92.85+1.08 P < .001, r = 0.06
Adolescent0 97.504+5.14 97.9940.52 P = .686,r =0.01
Adolescentl” | 79.58+6.67 81.63+5.57 P < .001, r = 0.30
Adolescent?” | 89.68+5.14 90.01+3.44 P=.01r=0.05
Adolescent3” | 87.44+7.41 90.08+4.42 P <.001, =042
Adolescent4 87.98+7.48 88.174+3.77 P = .831,r=0.00
Adolescent5” | 90.09+£11.12 | 91.10+9.34 P <.001, r=0.21
Adolescent6” | 72.89+12.57 | 80.55+7.59 P < .001,r=0.44
Adolescent?” 80.524+9.11 82.67+3.15 P <.001,r=0.17
Adolescent8” | 92.99+4.33 93.10+2.06 P < .001, » = 0.09
Adolescent9” | 86.6049.42 87.81+8.55 P < .001,r=0.18

" Statistical significance (P < 0.05), N = 1,500 simulations are conducted for each
subject under each method. The effect size, r > 0.1: small effect, 0.3 < r < 0.5:
moderate effect, ¥ > 0.5: large effect.

Acronyms: G2P2C: Glucose Control by Glucose Prediction and Planning, PPO:
Proximal Policy Optimisation.
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Figure 5.5: Comparison of PPO, G2P2C algorithms during training on the adult co-

hort. The mean and standard deviation (shaded area) of the total cumulative reward

for evaluation simulations (3 random seeds x 20 evaluation scenarios / iteration)
achieved is presented against 800, 000 learning interactions.
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Figure 5.7: Sample glucose simulation trajectory for G2P2C based on Adult7.
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Figure 5.8: Sample glucose simulation trajectory for G2P2C based on Adolescent0.
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Figure 5.9: Sample glucose simulation trajectory for G2P2C based on Adolescentb6.
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Clinical Analysis. For the adult cohort, G2P2C achieved a mean TIR of 72.69%,
which was higher than BBI (70.83%) and BBHE (69.79%). The improvement was sta-
tistically significant (P < 0.05) compared to BBI (r = 0.09) and BBHE (r = 0.14). The
clinical performance of the candidate algorithms based on T1D-related criteria are
summarised in Table 5.3, 5.4. The improvement of G2P2C compared to BB methods
was mainly attributable to the reduction of the time in the hyperglycaemic range
without an increase in the time in hypoglycaemic range. This is especially impor-
tant considering the fact that G2P2C included no prior meal announcement. All
algorithms (RL-based and BB treatment) presented comparable hyper- and hypogly-
caemic risk profiles, as demonstrated by the HBGI and LBGI indices. In comparison
to PPO, G2P2C achieved improved performance in all clinical metrics while also
reducing the standard deviation. Finally, the RL-based algorithms showed a higher
failure rate compared to the standard treatment methods. However, G2P2C managed
to reduce the failure rate to 1.62% compared to 2.79% in PPO.

For the adolescent cohort, G2P2C achieved a mean TIR of 64.33% compared to
71.43% and 70.23% of BBI and BBHE. The difference was mainly observable in the
time spent in the severe hyperglycaemia range, while the time in the hypoglycaemic
zones was not largely affected. This was reflected in the hyper- and hypoglycaemic
indices, with the RL-based algorithms maintaining a moderate-risk profile in terms
of HGBI (10.0<HGBI<15 [Dalla Man et al., 2014]) and a low-risk profile in terms of
LGBI(1.1<LGBI<2.5 [Dalla Man et al., 2014]). The RL-based algorithms presented
higher failure rates compared to the BB treatment methods. In this respect, the
contribution of G2P2C markedly reduced failure rates compared to PPO with 1.48%
and 4.93% failure rate respectively.

The observed TIR performance variability among in-silico subjects highlights the
importance of conducting analysis comprising complete subject cohorts and multi-
ple cohorts, which was identified as a limitation in previous work. Sample glucose
simulation trajectories for G2P2C are presented in Figures 5.7, 5.8, and 5.9, while Ap-
pendix A provides sample trajectories for all 20 in-silico subjects (an online demon-
stration is introduced in Chapter 8, which can be used to conduct custom simulations
to generate sample glucose trajectories).
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5.4 Discussion

Characteristics of G2P2C. In this chapter, a novel RL-based algorithm, named G2P2C,
for glucose control in T1D was proposed. G2P2C is capable of (1) providing fully-
automated insulin infusion estimates, including both basal and bolus, and (2) does
not require meal announcement and CHO estimation. The PPO algorithm was se-
lected as the base algorithm to develop G2P2C due to its demonstrated efficient and
stable learning achieved through a clipped optimisation objective which is beneficial
for safety-critical applications [Schulman et al., 2017]. However, in glucose control
experiments using the PPO algorithm, large unwanted glucose fluctuations were ob-
served in the short term, ultimately leading to catastrophic failures. Hence, two novel
optimisation phases, model learning and planning, were introduced in G2P2C. The
model learning phase aimed to learn a glucose dynamics model, while the planning
phase utilised the learned model to simulate short-term trajectories and fine-tuned
the learnt policy for the short horizon.

G2P2C improved the sample efficiency by re-using collected experiences and fa-
cilitating a simulation-based exploration of the glucose state space using the learned
model. This should be beneficial in real-world online learning applications where
real experience is limited to tuning the policy. For example, during the transfer of
the in-silico learned policy to in-vivo, a learned glucose dynamics model of the per-
son may be used to simulate experience for the fine-tuning of the RL algorithm. The
learned model is also expected to be valuable in feature distillation between the actor
and value networks and in designing safety modules for an APS where the glucose
dynamics model can be used to predict potential high and low blood glucose events
targeting safety. The control performance and algorithmic characteristics of G2P2C
show promise as a candidate algorithm for glucose control in APS.

Comparison with State-Of-The-Art RL Algorithms. In Chapter 4, the performance
of PPO was identified to be superior compared to the other state-of-the-art RL al-
gorithms. Hence, this chapter compared the performance of G2P2C against PPO.
Through the proposed mechanism, G2P2C improved safety by reducing the catas-
trophic failures to 1.62% and 1.48% in the adult and adolescent cohorts, respectively,
compared to 2.79% and 4.93% in PPO. G2P2C also improved the TIR performance
compared to PPO in both cohorts by achieving 72.69% and 64.33% compared to
69.12% and 63.72% in the adult and adolescent cohorts respectively.

Comparison with Clinical Treatment Methods. The clinical performance of G2P2C
was evaluated based on several T1D-related metrics and compared against standard
treatment methods commonly used in clinical practice. G2P2C achieved a higher TIR
of 72.69% for the adult cohort compared to BBI (71.02%) and BBHE (69.78%) while
eliminating the need for CHO estimation and meal announcement, as well as correc-
tive boli, upon which both BB methods rely. For the case of the adolescent cohort,
which is much more challenging than the adult cohort, the TIR achieved by G2P2C
was lower than the BB methods without and with human error (64% compared to
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71.43% and 70.23% respectively). However, the performance comparison should ac-
count for G2P2C receiving no prior information related to upcoming meals.

Comparison with Previous Work. Research on glucose control often benchmarks
the performance of algorithms against standard clinical treatment approaches and
guidelines, as presented above in this work. Comparisons with prior work are rare
and complicated due to the different cohorts, protocols, and simulator versions used.
Despite differences in their methodology and for the sake of a more thorough assess-
ment, a comparison of the proposed algorithm’s performance with previous work
in terms of TIR is presented in Table 5.5. The comparison includes RL-based fully
autonomous systems proposed by Fox and Wiens [2019]; Fox et al. [2020]; Lee et al.
[2020b] and hybrid systems by Lim et al. [2021]; Hettiarachchi et al. [2022b].

In order to make meaningful comparisons with previous work, it is important to
first discuss the essential differences among the presented studies. One of the main
differences relates to the the type of population used for the algorithmic assessment.
Some previous studies have only considered handpicked individual subjects [Fox
and Wiens, 2019] or adult-only cohorts [Lee et al., 2020b]. Fox et al. [2020] has con-
sidered child, adult and adolescent cohorts, however, they report the overall median
TIR values. Lim et al. [2021] have used the adolescent and adult cohorts and present
the mean TIR for each cohort. This thesis have also used both adolescent and adult
cohorts and assessed the algorithmic performance separately for each. This is par-
ticularly important as it was observed that the adolescent cohort is much harder to
control than the adult cohort. Another important difference among studies is related
to the level of complexity of the testing meal protocol. Some studies have used meal
protocols with reasonably low CHO contents![Fox and Wiens, 2019; Fox et al., 2020]
while others have focused on more challenging meal protocols with 180g of CHO
daily [Lee et al., 2020b; Lim et al., 2021]. Similar to those, in this work, a high CHO
meal scenario was used.

All the reported studies have used the UVA /PADOVA simulator, which was orig-
inally designed based on the MATLAB framework [Li, 2001]. However, previous
studies have used different versions and implementations of the simulator. This is
mainly due to the lack of support extended by existing simulators for the integration
with the Python framework [vanRossum and Drake, 2010] which is predominantly
used for designing RL algorithms due to its favourable characteristics (e.g., the ability
to simulate parallel environments and use existing machine learning frameworks).
Hence, Lim et al. [2021] and Lee et al. [2020b] have used independent customised
platforms based on the UVA/PADOVA simulator while Fox and Wiens [2019]; Fox
et al. [2020] has adopted an open-source version. In this thesis, the open-source
version was used to ensure the reproducibility.

IThese studies do not explicitly present the meal protocol used; instead, they emphasise that the
CHO content was reasonably low. By further investigating the provided pseudocode, it was identified
that the meals used were personalised based on the subjects” body weight. The protocol also included
snacks in addition to the three main meals. However, the average daily CHO content was reasonably
lower than 180g. A protocol that personalises meals complicates the evaluation of the system as low-
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Lim et al. [2021] and Lee et al. [2020b] are the most comparable to this thesis due
to the similar challenging meal protocol used?. Compared to Lim et al. [2021], which
is a hybrid approach requiring meal announcement and CHO estimation, G2P2C
improved the performance in both the adult and adolescent cohorts. However, the
performance on the adult cohort was less than Lee et al. [2020b]. The evaluation tri-
als conducted were different in these studies, where Lim et al. [2021] used a 10-day
simulation for each subject without multiple repetitions, while Lee et al. [2020b] con-
ducted seven random daily trials, as opposed to 1,500 random daily trials performed
in this study. The catastrophic failure rate was not presented in Lim et al. [2021] and
Lee et al. [2020b] studies, while Fox et al. [2020] reported a FR of 0%. However, they
defined failures as simulations where glucose levels are < 5 mg/dL. In contrast, in
our work we defined a much stricter FR where glucose levels < 40 mg/dL or >
600 mg/dL were considered failures®. The lack of appropriate benchmarks in this
field of research and the unavailability of source code and hyperparameters of pre-
vious work are hurdles towards meaningful comparisons and are discussed further
in Section 9.2. To facilitate future research in this domain and for reproducibility,
this work’s implementations and hyperparameter settings are published on GitHub
(https://github.com/chirathyh/G2P2C) as open-source under the MIT license.

CHO could be used to offset the performance reduction for the more challenging subjects of the cohort.

Previous work on APS have mainly focused on meal scenarios with 3 main meals with challenging
CHO contents as used in this thesis. However, RL-based APS studies have also explored scenarios
with multiple small meals. A sub-study conducted during this thesis Table 5.5 [Hettiarachchi et al.,
2022b] also explored the use of additional snacks. Glucose control is a uni-directional control problem
as insulin is used only to reduce glucose (Section 2.4). The meals have an opposite effect on glucose.
Hence, having multiple small meals spread throughout the day may help the RL algorithm in achieving
better performance, as the opportunity for hypoglycaemia is less, making it difficult to assess the true
performance. Therefore the main body of work presented in this thesis follows the widely adopted
meal scenario with 3 main meals.

3A glucose level < 40 mg/dL is life-threatening and can result in major cardiovascular and cere-
brovascular problems [Kalra et al., 2013]. A glucose value > 600 mg/dL is also life-threatening emer-
gency and referred to as the Hyperosmolar hyperglycaemic state [Stoner, 2005]. The detectable range
of current glucose sensors is roughly 40-600 mg/dL. [Kovatchev et al., 2009]
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Chapter 6

Non-linear Continuous Action
Spaces for RL in Glucose Control

“One of the challenges that arise in RL, and not in other kinds of learning, is the trade-off
between exploration and exploitation...The agent has to exploit what it has already
experienced in order to obtain reward, but it also has to explore in order to make better action
selections in the future.”

[Sutton and Barto, 2018, p.3].

Continuous action spaces are a challenge faced by RL algorithms when applied to
real-world problems (Chapter 3). In the case of glucose regulation, a large continuous
action space is required to reflect the dynamic insulin needs. The standard approach
in RL is to formulate a linear action space for the agent. Therefore, this chapter
introduces non-linear continuous action spaces to overcome the challenge associated
with efficiently exploring the dynamic range of insulin in glucose control. Three non-
linear translation functions are proposed to map the RL action to the insulin infusion
rate, inspired by the basal-bolus pattern of clinical insulin treatment practice. The
proposed non-linear action spaces are compared and evaluated against the standard
linear action space used in practice for RL algorithms. An action space designed
through this proposed novel approach is used in the RL-based APS presented in
Chapters 4 and 5.

6.1 Introduction

This chapter introduces a study conducted to design the action space presented in
the problem formulation of Chapter 4. The action space design proposed in this
chapter is used in all RL-based APS presented in this thesis (Chapters 4 and 5). The
action space is a vital element as it reflects the set of all possible actions available
for the RL agent. The actions available in APS are insulin infusion rates. One of the
main challenges RL algorithms face in the APS context is the large and continuous
insulin action space, which differs from the discrete actions present in board game
environments.

85
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Figure 6.1: Frequency distribution of insulin action based on a clinical perspective
(not to scale).

The basal-bolus strategy is a standard clinical treatment for T1D [Diabetes Con-
trol and Complications Trial Research Group, 1993]. According to the basal-bolus
scheme, low-range basal insulin actions account for the vast majority of the total
insulin actions. In contrast, the large bolus actions are intermittent. Hence, typical
clinical patterns of insulin delivery can be interpreted as bi-modal in frequency (Fig-
ure 6.1). This challenges the RL algorithm since it is required to efficiently explore the
entire continuous insulin action space to learn suitable control strategies for different
situations requiring varying amounts of insulin out of a large dynamic range.

Applying RL algorithms to continuous action spaces is not straightforward com-
pared to low-dimensional discrete action spaces, while high-dimensional actions fur-
ther increase the learning difficulty [Lillicrap et al., 2015]. The complexity of con-
tinuous action spaces can be sub-optimally solved by discretising the action space.
However, this may not be suitable for high-precision control problems such as glu-
cose regulation, as it could eliminate the required information regarding the structure
of the action space. Current available CSII pumps are discretised with fine resolu-
tion (e.g., Medtronic Minimed Pump basal increment of 0.025U/hr [Insulin Pump
Comparison, 2022 [Online]]), allowing the assumption of a continuous insulin action
space. An alternative approach could be the introduction of two separate actions for
the RL algorithm to focus on the clinical conventions of basal and bolus insulin sep-
arately. However, this increases the degrees of freedom in the algorithm and could
add complexity to learning due to the very sparse use of large insulin doses.

According to the RL-related literature, applications with a large continuous ac-
tions space can present challenges related to its efficient exploration [Lazaric et al.,
2007] and the existence of redundant or irrelevant actions [Zahavy et al., 2018].
Lazaric et al. [2007] used a novel actor-critic algorithm based on a Sequential Monte
Carlo approach to improving the exploration, while Zahavy et al. [2018] proposed
an approach that combined the RL algorithm with an action elimination network to
eliminate sub-optimal actions.

In the problem of glucose regulation in T1D, the majority of previous RL-based
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approaches focus on hybrid systems, which only control basal insulin levels, while
bolus insulin infusion is carried out manually by the user [Zhu et al., 2019, 2020;
Fox and Wiens, 2019; Myhre et al., 2018; Ngo et al., 2018a,b; Lim et al., 2021]. These
studies used a small set of handcrafted discrete actions to represent basal insulin
[Zhu et al., 2019, 2020]. Only a handful of studies have sought to control both basal
and bolus insulin without any user input [Fox and Wiens, 2019; Fox et al., 2020;
Lee et al., 2020b]. In particular, Lee et al. [2020b] and Fox and Wiens [2019] used a
discrete action distribution to control insulin. However, a continuous action space
is expected to enable more flexible RL agents that can learn more robust control
strategies [Fox and Wiens, 2019]. Fox et al. [2020] is the only research that focused on
a continuous insulin action space. They used a tanh function in the final calculation
of the RL action and encouraged a sparse insulin treatment strategy by translating
negative values of the tanh function as no insulin administration, while the positive
values were mapped linearly to the insulin pump action. The system was evaluated
on reasonably low CHO meals, which required insulin rates <0.5 U/min. However,
in real-life scenarios, the presence of meals with large CHO content results in a large
insulin action space ([0, 5] U/min).

This thesis focuses on developing fully automated RL-based APS capable of han-
dling challenging meal protocols, which include meals of large CHO contents. This
translates to the need for a large insulin action space reflective of a real-life scenario.
To address this challenge, non-linear action space representations are proposed for
the RL algorithm. In contrast, the common practice in RL-based continuous control
tasks is to use linear action spaces [Brockman et al., 2016; Tassa et al., 2018; Todorov
et al., 2012]. The proposed non-linear action spaces provide a non-uniform resolution
across the action space, which guides the RL algorithm to explore insulin delivery
patterns observed in clinical treatment. Therefore, this chapter evaluates the impact
of using non-linear action spaces in an RL problem formulation to improve perfor-
mance, efficiency and quality of learning.

6.2 Methodology: Action Space Representations

The RL problem is formulated as a POMDP according to the state space and reward
function designs presented in Chapter 4. In this work, different action space repre-
sentations are evaluated to address the above-identified challenges while ensuring
that the RL algorithm and hyperparameter settings are kept fixed. The PPO algo-
rithm is selected as the RL agent. The task of the RL agent is to predict an action
(a € [-1,1]) for a given state, which is mapped to the insulin infusion rate of the
insulin pump (Ipump € [0,5] U/min) based on a translation function T. Hence, T
represents a mapping between the action space of the RL agent to the control space
of the insulin pump (Equation (6.1)).

Ipump = T(a),a € [_1/ 1]/Ipump € [O/ Imux]- (61)

Glucose regulation requires frequent use of very small insulin doses for basal
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Figure 6.2: Translation functions used to map RL action to the insulin infusion rate:
(a) linear, (b) quadratic, (c) proportional-quadratic, and (d) exponential.

insulin compared to the less frequent larger doses, resulting in a skewed concen-
tration in the action space, as opposed to the uniform resolution provided by the
linear mapping (Equation (6.2)). In order to capture this property, we explore three
non-linear translation functions; quadratic, proportional-quadratic, and exponential
to formulate non-linear action spaces in order to provide better resolution to the im-
portant target insulin ranges and use a standard linear action space for comparisons
(Figure 6.2).

6.2.1 Linear Translation

The linear mapping of RL action to the control space is described in Equation (6.2),
where [, corresponds to the maximum insulin. This formulation is consistent with
standard RL practice [Brockman et al., 2016; Tassa et al., 2018; Todorov et al., 2012].

a+1
Ipump = Imux . (2),51 G [_1, 1]. (6.2)

6.2.2 Quadratic Translation

The translation function T is a quadratic function of the RL action a. This formulation
integrates the two distinct actions (basal-bolus) used in typical insulin treatment to
a single continuous action space avoiding the complexity of using multiple actions.
The action space is divided into two segments, where actions in [-1, 0] are translated
to a basal dose range with a maximum basal insulin of é;(0.05) and actions in (0,1]
considered as the bolus range with a maximum bolus insulin of I,,. This results
in a duplication of the basal range [0, 0.05] in the bolus range [0, 5], which could be
considered negligible due to the low resolution of the bolus range.
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6.2.3 Proportional-Quadratic Translation

This function is a modification of the Quadratic function where the parameter (0.5)
is introduced to adjust the resolution of the two dose ranges and 41(0.5) is the maxi-
mum basal insulin.

(Viill)z‘(a—’ﬂz —1<a<yvy

(Vlfaf)z '(” _7)2 ry<a<l

Lyump = (6.4)

6.2.4 Exponential Translation

The translation function T is an exponential function of the RL action a € [—1, 1] with
a tuneable parameter 3(4.0) which ensures I,y € (0,5]. This increases the resolu-
tion of the basal dose range while ensuring the action space is continuous without
any duplication of actions. This formulation provides more flexibility for the RL
algorithm to use the fully continuous structure of the action space and avoids any
instabilities in learning, which might be caused by action duplication.

Lyump = Inax - P, 0 € [-1,1]. (6.5)

6.2.5 Experiments and Evaluation Metrics

The simulator setup, training protocol, and evaluation protocol used in Chapter 4
were used to conduct the experiments. The challenging adolescent T1D cohort of
the simulator and the PPO algorithm was selected as the RL agent for the analysis.
Each action space representation was evaluated for three random seeds per subject,
where all other hyperparameters were kept fixed. The PPO algorithms were trained
for 500, 000 interactions (1,736 human days, 1 interaction = insulin action taken ev-
ery 5 minutes), which was identified as sufficient to reach convergence. Upon the
conclusion of training, 1,500 evaluation simulations were also conducted for each
subject.

The Percentage Reward (PR), Time In Range (TIR) and Failure Rate (FR) metrics
introduced in Chapter 4 were used to compare the candidate action spaces based
on their evaluation simulations. The best-performing action space representation in
terms of PR was compared against the benchmark linear action space by conducting
statistical significance tests for each individual subject. A Shapiro-Wilk Test [Shapiro
and Wilk, 1965] was performed to check the normality, and a Mann-Whitney U Test
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[Mann and Whitney, 1947] was conducted to evaluate significance using a confi-
dence level of 0.05.

The training simulations were used to analyse the learning efficiency and qual-
ity of the candidate action spaces. The aim of the RL algorithm during training is
to iteratively improve a control policy reasonably fast (relative to the application’s
time scale) while avoiding excessive changes (smooth learning), which could lead to
sudden unanticipated behaviour and even result in catastrophic failures. To evalu-
ate the learning efficiency, the reward thresholds of 25%, 50%, 70%, and 80% of the
maximum achievable reward (R*) were defined. The average number of interactions
required to reach the threshold as a percentage of total interactions (PI) was used to
compare the learning efficiency between the candidate action spaces. Furthermore,
through visual inspection of the shape and fluctuations of the reward curves during
training, the learning smoothness of the RL agents was qualitatively assessed.

6.3 Results

All the proposed non-linear action spaces outperformed the linear action space. The
exponential action space improved the performance in terms of PR by 24%, while
reducing the FR by 42% compared to the benchmark linear action space, on average,
across the subjects. The improvement was statistically significant (p < .001) for all
subjects. The performance of the candidate action spaces for all subjects, based on
PR and FR metrics, is summarised in Table 6.1. An inter-subject variability in perfor-
mance improvements was identified, with substantial performance improvements for
some subjects (Adolescent8). The proposed non-linear functions all performed simi-
larly in terms of TIR and FR (Figure 6.3). Figure 6.3 also highlighted the variability
in glucose control performance present among the subjects.
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Figure 6.3: Time-In-Range (TIR) and Failure Rate (FR) for candidate action spaces
(Each dot represents an adolescent subject and each color a candidate action space).

The exponential action space was the most efficient in reaching the 80% reward
threshold in 34.90% PI, for all 10 subjects. Table 6.2 summarises the PI required for
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Table 6.2: Efficiency analysis — Average number of interactions required to reach
the reward threshold as a percentage of total interactions (PI) and the number of
adolescents achieving identified reward thresholds.

Translation Reward Threshold
Function 25% 50% 70% 80%
Linear 64.55% | 71.91% | 80.28% | None
(10) ) (@)
Quadratic | 15.65% | 19.91% | 26.71% | 41.37%
(10) (10) (10) (8)
Proportional | 38.75% | 45.79% | 52.51% | 63.44%
Quadratic (10) (10) (10) 9)
Exponential | 16.96% | 21.22% | 25.97% | 34.90%
(10) (10) (10) (10)

identified reward thresholds and the number of subjects reaching the target thresh-
old. The linear action space was unable to reach the 80% reward threshold and also
took more PI to cross lower reward thresholds. The quadratic and proportional-
quadratic functions also performed better compared to the linear action space.

The structure of the reward graphs (Figure 6.4) for the exponential and quadratic
action spaces gave evidence of steady learning and better convergence for all sub-
jects. The reward graphs of adolescent 3 and 5 clearly indicated unsteady learning
for the linear action space where sudden large reward fluctuations are observed dur-
ing training. The linear action space only converged to sub-optimal reward levels in
some subjects (Adolescent 1, 6, 9), while it failed to achieve convergence in others
(Adolescent 0, 8) within the target number of training interactions. However, it is ex-
pected that the linear action space-based RL algorithm might converge if the number
of training interactions are increased. Meanwhile, all the proposed non-linear action
spaces were able to converge within the target training interactions. The subjects who
achieved convergence under the linear action space only converged to a sub-optimal
level which indicates that increasing training interactions might not be beneficial for
these subjects.
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6.4 Discussion

The application of RL algorithms to problems with large continuous action spaces is
challenging and currently being tackled through the design of efficient exploration
algorithms [Lazaric et al., 2007] and irrelevant/redundant action elimination [Zahavy
et al., 2018]. The common practice in continuous control RL tasks present in Ope-
nAI Gym [Brockman et al., 2016], DeepMind Control Suite [Tassa et al., 2018], and
MuJoCo physics environments [Todorov et al., 2012] is to use a linear action space.
Inspired by clinical treatment methods for T1D, non-linear continuous action space
representations were introduced to tackle the challenge of the large, continuous, and
non-uniform insulin action space. The results demonstrated superior performance
of the non-linear action spaces compared to the standard linear one with enhanced
learning efficiency, smoother convergence and improved performance of glucose con-
trol. The exponential action space performed the best out of the proposed non-linear
action spaces. Hence, the exponential action space was used in the RL algorithms
designed in Chapters 4 and 5. Based on the acquired knowledge through the liter-
ature survey presented in Chapter 3, this is the first attempt to explore action space
representations to tackle complexities in large continuous action spaces associated
with glucose regulation in T1D.

The learning efficiency achieved in the proposed approach indicates efficient ex-
ploration by the RL algorithm. This also reduces the computational time require-
ments for training, which is very valuable in the design and development phase of
RL algorithms for glucose control, as often multiple iterations of designs are explored
and tested. Increasing the complexity in the RL algorithmic architecture or the simu-
lation protocol is expected to result in increased compute times until convergence is
achieved. Hence, faster learning can become not only desirable but also vital for the
experimental design of future RL algorithms for glucose regulation.

The successful real-world application of RL-based APS would require online con-
tinual learning to adapt the control strategy based on biological variability (e.g., age-
ing, hormonal disturbances) of the user. Hence, the steady learning observed in the
exponential and quadratic action spaces is vital to ensure safety by avoiding sudden
excessive changes. The proposed approach illustrated favourable characteristics in
this regard, while further future research is required to evaluate the operation in an
online continual learning setting. This approach can also be applied to other medical
applications with similar action space properties. The application of propofol dosing
in general anaesthesia is such an application where a non-uniform action distribution
is observed for which RL approaches are currently being explored [Vajapey, 2019].



Chapter 7

Multi-input Artificial Pancreas
Systems (MAPS)

In previous chapters, RL was explored to address technical and application-specific
challenges related to glucose control. This chapter explores the potential of inte-
grating additional physiological signals to address identified challenges and design
MAPS. The chapter is divided into two sections. The first section presents a system-
atic literature review to identify additional physiological signals suitable for glucose
control. Based on the review findings, the following section analyses invasive physi-
ological signals in the context of exercise. Exercise is a challenging activity affecting
glucose control due to the rapidly changing insulin needs. Relationships between
invasive physiological signals and different types of exercise are explored to assist
glucose control and design MAPS.

7.1 Background

The biological control mechanism within the body to regulate glucose is immensely
complex. The B-cells which control the glucose level rely on multiple biochemical
chain reactions [de la Vega et al., 2011]. In addition, multiple hormones closely par-
ticipate in glucose regulation and control-related functions such as satiety, digestion,
and growth [Teixeira and Malin, 2008]. The central nervous system is also involved
in the process by modulating the responses of endocrinal and other tissues accord-
ing to factors such as the circadian rhythm [Teixeira and Malin, 2008]. Hence, it
is clear that the glucoregulatory system is complex and integrated with many pro-
cesses. However, in current APS, only limited information is used, namely glucose
measurements, administered insulin, and meals.

Integrating additional external inputs to APS can help overcome the above limi-
tations by providing more information for better decision-making. In addition, the
additional information could support the automatic identification of events such as
meals, exercise, sleep, stress, and other biological variations which affect the glucose
profile. This would be beneficial to reduce the risk of T1D complications. Detection of
these activities would also help improve glucose control performance by minimising
the limitations arising from glucose sensor/insulin action delays. Using additional

95



96 Multi-input Artificial Pancreas Systems (MAPS)

inputs would also help reduce the cognitive burden through less user interaction
leading to a better quality of life.

The rapid development of wearable sensor technologies can be identified as a
strong motivator towards Multi-input Artificial Pancreas Systems (MAPS) (Fig-
ure 7.1). In previous studies Kudva et al. [2014] analysed the clinical importance
of additional physiological signals, while Cinar [2017] and Patek [2019] analysed the
current limitations of APS to approach MAPS. However, evaluating the potential im-
provement and additional device burden arising through these systems is essential.

(non-invasive/invasive)

Additional Physiological Signals
e.g., heart rate, lactate

Insulin Delivery n Glucose Measurements
(Pump) m m (Sensor)

Control Algorithm ] <

Figure 7.1: Multi-input artificial pancreas system.

7.2 Systematic Literature Review: Integrating Multiple
Inputs Into APS

7.2.1 Introduction

MAPS seek to integrate different types of additional physiological inputs to improve
the performance of glucose regulation. Previous studies have explored the clinical
and technical importance of MAPS [Kudva et al., 2014; Cinar, 2017; Patek, 2019].
However, these studies present a general overview and do not explore the detailed
technical aspects of MAPS development. Therefore, a systematic review was con-
ducted to identify and understand the current state of MAPS by addressing the fol-
lowing research questions:

¢ What type of additional inputs have been utilised in designing APS, and why
have they been integrated?

¢ What type of controller architectures and algorithms has been used in develop-
ing MAPS?

¢ What validation methodologies are carried out for evaluating the performance
of the proposed systems?
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Identifying the rationale and evaluating the importance of different types of ad-
ditional inputs is a must to understand their potential value and effectiveness. The
control architectures and methods used to combine the additional inputs must be ex-
plored to understand how they have been integrated into existing control algorithms.
Developing control algorithms is challenging since it requires simulations or clinical
trials for testing. Sound methodologies and simulations must be carried out due to
the inherent risk in medical devices. Furthermore, the development of such systems
needs to be appropriately validated before human testing. The development and
validation methodologies are expected to be complex with the addition of various
inputs compared to conventional APS. Hence, alongside the used control solutions,
it is valuable to identify the different simulation models and experimental procedures
carried out in previous research related to MAPS. This survey is motivated towards
addressing these aspects and understanding the current state of MAPS.

7.2.2 Methodology

The literature survey was conducted according to the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) framework [PRISMA, 2020]. Sco-
pus, IEEE Xplore (to capture engineering studies on APS development, including
multiple-input scenarios), and PubMed (to capture APS clinical studies conducted
corresponding to the identified engineering approaches) databases were searched
for the period between January 1, 2005, and February 10, 2020. The survey focused
on analysing and summarising the different input sources, in addition to glucose
measurements, integrated into MAPS; control algorithms; architectures; and the val-
idation methodologies used. The clinical transition of the identified studies was also
considered to obtain a complete picture of the current state of progress of MAPS
developments. The study selection process was carried out in 4 steps (Figure 7.2).

1. Identification phase: Different strategies were explored to develop a suitable
search query with the help of a research librarian (Appendix B.1). Upon con-
clusion, a broad search query was developed to identify all papers related to
control of APS. The search query was not restricted further to ensure that all
studies related to MAPS were captured. For the Scopus database, the search
was restricted to articles and conference proceedings related to the subject areas
of Engineering, Computer Science, Mathematics, Decision Sciences, and Multi-
disciplinary. The subject area restriction was not possible in PubMed; thus, the
query was adjusted to exclude review articles and only include research related
to humans. No additional filtering was carried out in the IEEE Xplore database
due to its specific focus on Computer Science & Electrical Engineering. The
search queries are presented in Table 7.1. Additional records were identified
through following references in selected studies.

2. Screening phase: The identified papers from the database search and other
resources were first analysed to remove duplicates. Then, titles and abstracts
of the remaining papers were screened to exclude papers on animal studies,
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Table 7.1: Search queries.

Database Search Strategy Results
(((close* AND loop) AND (diabet* OR t1d)) OR artificial

Scopus W /2 pancreas) AND (control*); (Filter: Subject Area & 668
Article Type)

(((close* AND loop) AND (diabet* OR t1d)) OR artificial
PubMed W /2 pancreas) AND (control*) NOT (review*); (Filter: 393
Humans)

(((close* AND loop) AND (diabet* OR t1d)) OR "artifi-
cial pancreas") AND control*

327

IEEEXplore

glucose sensor development and errors analysis, insulin pumps, other aspects
of APS (e.g. safety, user experience, psychosocial aspects), physiological mod-
elling, studies related to the chemical, biological, and medical aspects of APS
design, studies focussing on developing sub modules for APS (e.g. glucose
level estimation, meal detection), studies without additional input signals and
other irrelevant studies.

3. Eligibility phase: The remaining full papers were analysed and included in
the study if the following selection criteria were met: (1) a control algorithm or
architecture is present, (2) additional external inputs are used for the controller
design (i.e., in addition to CGM measurements, and the additional inputs are
not control inputs, such as the coinfusion of glucagon), and (3) a validation is
conducted in-silico or in-vivo (in humans). These criteria were formulated to
encompass the 3 main verticals of the survey to understand and summarise the
use of additional wearables in APS design, APS development technologies, and
validation methodologies.

4. Inclusion phase: Finally, the selected studies (N=17) were categorised into two
groups. The main studies which introduce different unique MAPS (11/17, 65%)
and their associated clinical studies (6/17, 35%). It is important to note that
some of the main studies also included clinical trial results (3/11, 27%). This
separation was required to avoid the duplication of similar APS and ensure the
overall analysis of the identified technical criteria of the unique MAPS studies.
The main studies were thoroughly analysed based on the additional inputs
used, APS controller design, and validation methodologies which is presented
in detail in the next section. The clinical studies were analysed in order to
discuss the feasibility of MAPS.

Quality Assessment: A quality assessment of the selected 17 studies was carried
out using the CASP (Critical Appraisal Skills Programme) tool [CASP, 2020] (Ap-
pendix B.2). The main issues highlighted by the assessment were the difficulty in
ascertaining the risk of bias in data collection/simulation and the failure to provide
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sufficient information regarding the ethics approvals.
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Figure 7.2: Study selection & identification flow chart.

7.2.3 Results

Non-invasive & Invasive Inputs. The types of additional inputs integrated or pro-
posed to be integrated into APS that were identified can be categorised as (1) non-
invasive inputs captured through wearable devices and (2) invasive inputs of sub-
stances measured in body fluids. Most (9/11, 82%) of the selected studies focused
on using non-invasive wearable input for MAPS development. Electrocardiogram
(ECG), HR, accelerometers, skin resistance, energy expenditure (EE), and galvanic
skin response (GSR) were identified as the non-invasive sensory inputs, and lactate
and adrenaline was identified as invasive inputs.
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Table 7.2: Types of additional integrated inputs.

Type Additional Input

Invasive Lactate, Adrenaline

Heart Rate, Accelerometer, ECG, Skin Resistance,
Energy Expenditure, Galvanic Skin Response

Non-invasive

The identified studies used the additional inputs mainly for exercise detection,
hypoglycaemia prediction, and stress detection. A large portion of the studies fo-
cused on exercise detection. They mainly used HR, accelerometer, EE (also referred
to as metabolic equivalent [MET]), and lactate for exercise detection. Turksoy et al.
[2013a,d] and Hajizadeh et al. [2019] used the readily available EE data from wear-
ables, whereas Jacobs et al. [2015] and Resalat et al. [2019b] used a regression model
introduced by Zakeri et al. [2008] to convert HR and accelerometer data to calcu-
late MET. Stenerson et al. [2014] used HR and accelerometer data, and DeBoer et al.
[2017] used HR data to identify exercise through predefined threshold values. Quiroz
and Femat [2010] and Quiroz et al. [2011] simulated the effects of lactate for exercise
detection.

Hypoglycaemia prediction, using additional physiological signals, was the next
popular approach to MAPS design. Predicting hypoglycaemia in advance helps mit-
igate the glucose-sensing delays. Khan et al. [2013] and Qaisar et al. [2012] used HR,
ECG (QT interval), and skin resistance for hypoglycaemia detection. They identified
the QT interval as the most prominent input, and skin resistance as the least im-
portant input in hypoglycaemia prediction. Turksoy et al. [2013c] used EE and GSR
to develop a module for hypoglycaemia prediction. Quiroz and Femat [2010] and
Quiroz et al. [2011] used adrenaline for hypoglycaemia detection. Stress detection
was identified as another important aspect for MAPS design, where Turksoy et al.
[2013a,d] focused on using GSR signals. A summary of the identified inputs and
their target limitations in existing systems is presented in Figure 7.3

Control Architectures. The additional inputs identified in the previous section have
been integrated with the control algorithm based on different architectures: (1) switch-
ing the controller mode through activity detection, (2) directly incorporating in the
controller for decision-making, and (3) developing intermediate modules for the con-
troller (e.g., hypoglycaemia and meal detection) (Table 7.4). These architectures are
based on a variety of control algorithms (Figure 7.4), where adaptive model-based
methods have been used the most in 37% of the studies.

Stenerson et al. [2014], DeBoer et al. [2017], and Jacobs et al. [2015] focused on
switching the mode of the controller based on detected activity. HR and accelerom-
eter input were used in this approach, where the controller mode was changed
through adjusting parameters and thresholds within the controller. Stenerson et al.
[2014] paused their predictive low-glucose suspend algorithm, and DeBoer et al.
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Figure 7.3: Additional inputs used in MAPS design and their main focus aspects.
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PLGS
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Control-to-range MPC-based
(Feedforward) (MPC/GPC)
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Neural Network
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18%

PID-based
18%

Figure 7.4: Types of controllers used by previous studies. Acronyms: GPC - Gen-
eralised Predictive Control, PLGS - Predictive Low Glucose Suspend, PID - Propor-
tional Integral Derivative, MPC - Model Predictive Control.

[2017] adjusted the hypoglycaemia risk threshold in their control-to-range controller
when exercise was detected. Jacobs et al. [2015] used a fading memory proportional-
derivative dual-hormone controller that, upon the detection of exercise, carried out
dosing of insulin and glucagon based on a set of static rules.

In addition to activity detection, additional inputs may contain valuable informa-
tion related to glucose regulation. Hence, studies have focused on directly integrating
additional inputs for decision-making. Quiroz and Femat [2010], Quiroz et al. [2011],
Resalat et al. [2019b], Turksoy et al. [2013a,d], and Hajizadeh et al. [2019] focused on
direct integration of additional inputs in the controller design. Quiroz and Femat
[2010] and Quiroz et al. [2011] directly integrated lactate and adrenaline input into
their Ho, control algorithm. Resalat et al. [2019b] developed a run-to-run MPC that
used continuous MET data for exercise detection. Turksoy et al. [2013a] integrated EE
and GSR into a generalised predictive controller by developing time series models us-
ing autoregressive moving average with external input, recursive least squares, and
constrained optimisation techniques. They improved on their work by introducing a
time-varying forgetting factor for the weighted recursive least squares algorithm and
focusing on trajectory tracking [Turksoy et al., 2013d]. Hajizadeh et al. [2019] used
recursive subspace identification techniques to develop an adaptive MPC controller
incorporating MET input.

Designing submodules for APS has also been widely explored, where the focus
has been on using the input to enhance insulin and glucagon infusion and to de-
sign safety mechanisms for APS. These submodules were mainly linked to identified
limitations such as meal detection, activity detection, and hypoglycaemia detection.
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Khan et al. [2013] and Qaisar et al. [2012] developed a hypoglycaemia-detection mod-
ule using HR, ECG (QT Interval), and skin resistance. In addition to the main con-
troller focusing on insulin infusion, a fuzzy logic fusion controller was introduced to
infuse glucagon based on the identified signals during a hypoglycaemia event. Turk-
soy et al. [2018] performed a clinical trial where hypoglycaemia early alarm [Turksoy
et al., 2013c], meal detection [Turksoy et al., 2015; Ramkissoon et al., 2018], hypogly-
caemia prediction, and carbohydrate recommendation [Turksoy et al., 2016] modules
were integrated into the final APS design. Hajizadeh et al. [2019] focused on plasma
insulin concentration estimation and meal effect estimation modules in their research.
Resalat et al. [2019b] proposed and evaluated an insulin sensitivity adaptation algo-
rithm and an adaptive-learning postprandial hypoglycaemia prevention algorithm.
Different safety modules have also been introduced, where Turksoy et al. [2013a]
and DeBoer et al. [2017] focused on hypoglycaemia and hyperglycaemia safety, re-
spectively, through insulin-on-board estimates. The development of submodules en-
hances the interpretability of the APS operation, which is essential in safety-critical
applications. Most of the studies have used submodules in their controllers, both
with switching the controller mode through activity detection and when additional
inputs are directly integrated. Hence, designing submodules using additional inputs
that target identified limitations in APS is likely to be beneficial to their further de-
velopment.

Validation Methodologies & Study Outcomes. The designed APS have been val-
idated through simulations and clinical studies (Table 7.3, 7.4, and 7.5). A vari-
ety of physiological models and tools have been used for simulations and different
protocols used for clinical trials. An FDA-approved simulator is currently unavail-
able for testing MAPS. Two research groups have focused on developing their own
multiple-input simulators [Resalat et al., 2019a; Rashid et al., 2019], which would
be beneficial for the progress of MAPS development. MATLAB was used in most
of the studies to conduct simulations. Quiroz and Femat [2010] and Quiroz et al.
[2011] simulated the use of invasive inputs based on the Sorenson model [Sorensen,
1985], the Bergman minimal model [Bergman et al., 1979], the glucose-adrenaline
relationship discussed in the study by Schultes et al. [2007], and the glucose-lactate
relationship discussed in the study by Kreisman et al. [2001]. Khan et al. [2013]
and Qaisar et al. [2012] also used the Bergman minimal model, as well as simulated
meals, ECG, and subcutaneous delays. Jacobs et al. [2015] used the Hovorka in-
sulin pharmacodynamics model [Hovorka et al., 2004], the insulin pharmacokinetics
model by Wilinska et al. [2005], the glucagon pharmacokinetics model by Lv et al.
[2013], the glucagon pharmacodynamics model by Bakhtiani et al. [2015], and the
exercise model by Hernandez-Ordofiez and Campos-Delgado [2008] for their simu-
lation. Resalat et al. [2019b] and Hajizadeh et al. [2019] conducted their simulations
based on simulators developed by their own research groups [Resalat et al., 2019a;
Rashid et al., 2019].

Breton et al. [2014], Jacobs et al. [2015, 2016], and DeBoer et al. [2017] carried
out a clinical trial to evaluate their switching mode controller after obtaining FDA
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and institutional review board approvals. Breton et al. [2014] and DeBoer et al. [2017]
reported a reduction in hypoglycaemic events in adolescents and adults, respectively,
using HR in an activity-augmented control architecture. Jacobs et al. [2016] also
achieved a reduction in time spent in hypoglycaemia, but there was an increase in
the time spent in hyperglycaemia when the exercise-augmented control structure
was used. Similar results were observed in the subsequent trial by Castle et al.
[2018]. Overall, these randomised crossover trials were able to identify a reduction
in hypoglycaemia when the activity-augmented control structure was used. It is
important to note that activity-augmented APS design might be compromised during
different types of exercises (high-intensity training and resistance exercise), which
has not been explored.

Turksoy et al. [2013b, 2014, 2018] focused on having a medical expert to review
each insulin dose before the application and obtained institutional review board ap-
proval. They focused on integrating continuous inputs (EE and GSR) into the con-
troller and developing submodules and conducted clinical trials for evaluation. They
succeeded in improving the time in target range (70-180 mg/dL) to 76.75% with the
integration of different submodules into the APS. The identified clinical trials in this
survey (Table 7.5) focused on either adolescents, young adults, or adults. The tri-
als comprised both normal closed-loop trials and randomised crossover trials, which
evaluated different treatment types and typically ranged in duration from 1 to 4
days. Further longitudinal studies will be beneficial to ascertain the effects of sensor
noise and unanticipated dropouts that might arise from the additionally introduced
sensors. It is important to conduct trials encompassing all age groups (children, ado-
lescents, and adults) to evaluate the robustness of the controllers because different
age groups have different insulin sensitivities, which affects the controller’s accuracy.
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Table 7.3: Summary of simulation models used.

Study

Simulation Model

Quiroz and Femat [2010]

Sorenson’s Model [Sorensen, 1985], Bergman’s Mini-
mal Model [Bergman et al., 1979], Glucose — adrenaline
relation - Schultes et al. [2007], and Glucose - lactate
relationship - Kreisman et al. [2001].

Quiroz et al. [2011]

Sorenson’s Model [Sorensen, 1985], Bergman’s Mini-
mal Model [Bergman et al., 1979], Glucose — adrenaline
relation - Schultes et al. [2007], and Glucose — lactate
relationship - Kreisman et al. [2001].

Khan et al. [2013]

Bergman’s Minimal Model [Bergman et al., 1979].

Qaisar et al. [2012]

Bergman’s Minimal Model [Bergman et al., 1979].

Stenerson et al. [2014]

Not Specified.

Jacobs et al. [2015]

Hovorka’s insulin pharmacodynamics model [Hovorka
et al., 2004], insulin pharmacokinetics model by Wilin-
ska et al. [2005], glucagon pharmacokinetics model by
Lv et al. [2013], glucagon pharmacodynamics model
by Bakhtiani et al. [2015], and exercise model by
Hernéndez-Ordofiez and Campos-Delgado [2008].

Resalat et al. [2019b]

Virtual patient population by Resalat et al. [2019a].

Hajizadeh et al. [2019]

mGIPsim simulator (2019) [Rashid et al., 2019].
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7.2.4 Discussion

Principal Findings. This survey focussed on three main verticals, (1) identifying the
types of additional input signals used, (2) analysing control architectures, and (3)
exploring validation methodologies for MAPS. The majority of the identified inputs
were non-invasive and captured through wearable devices. The effectiveness of in-
vasive inputs was analysed through simulations, where lactate and adrenaline were
explored for exercise and hypoglycaemia detection. EE (or MET) can be identified
as the most frequent non-invasive additional input used in MAPS. Past studies have
mainly focused on using non-invasive additional inputs for detecting exercise (HR,
accelerometer, and EE), hypoglycaemia (ECG, HR, EE, and GSR), and stress (GSR).
The technological advancements in wearable devices would benefit the development
of MAPS. In future, additional sensors might also be valuable in capturing other
physiological changes, such as illnesses, alcohol consumption, and seasonal varia-
tions.

Most studies (73%, 8/11) focused on augmenting single hormone APS com-
pared to dual hormone systems. Identifying additional inputs which can be used to
address current limitations and directly integrating those inputs with the controller
has shown promise. Developing submodules based on these limitations and switch-
ing the controller’s mode via activity detection can also be identified as effective
approaches towards MAPS design. Validations were carried out in both in-silico and
in-vivo. However, comparing the results is subjective due to the different physiologi-
cal models used in the simulators and different protocols used in the clinical studies.
Both quantitative and qualitative metrics were used to evaluate the effectiveness of
the proposed systems. Some of these measures were the time in hypoglycaemia,
normoglycaemia, hyperglycaemia ranges, and the number of hypoglycaemic events.
HR, EE, GSR, and accelerometer-based studies have been evaluated through clinical
trials mainly due to the easy access from wearable devices. The lack of an FDA-
approved simulator for testing the identified additional input can be identified as a
significant constraint regarding the development of MAPS.

In addition to the systematic literature review, a patent search was conducted
on Google Patents from January 2005 - May 2021 to identify possible technologi-
cal advancements, where two patents associated with MAPS were identified (Ap-
pendix B.3). Patent ID US8690820B2 [Cinar and Oruklu, 2014] presented a device
where a glucose sensor and physiological status—-monitoring system communicates
with an automatic controller for glucose control. The controller also included a mod-
ule to predict future glucose levels. Patent ID US10646650B2 [Cinar et al., 2020]
introduced additional modules for recursive model identification of hypoglycaemia
and hyperglycaemia early alert and alarm, plasma insulin concentration estimation,
physical activity assessment, stress detection and assessment, sleep detection, and
sensor and pump fault detection and diagnosis.
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Feasibility of MAPS. Different additional inputs have been identified and used to
address limitations identified in current generation APS. However, more signals and
relationships need to be explored to address limitations such as meal and illness
estimation. It is essential to quantify the improvement of the APS through the inte-
gration of additional input signals. The results of the proposed approaches can be
analysed based on their clinical trials, which provides a fairer interpretation than the
simulations. However, comparing trials is not straightforward due to the different
protocols (meals and exercise) and the number of subjects present. The identified
clinical trials improved the time in the normoglycaemia range and reduced hypo-
glycaemic events when additional inputs were utilised. The noise and instability
associated with wearable sensors also need to be evaluated, as they could have a
detrimental effect on the controllers. Precautionary measures should be set in place
to ensure patient safety during such circumstances. It is also important to note that
the real-world application of MAPS would be very complex. For example, a person
with T1D might not wear additional wearables during sleep, requiring the controller
to work in highly dynamic environments. Hence, evaluating such scenarios through
simulations and conducting clinical studies for larger cohorts and trial durations is a
must to ensure the systems’ effectiveness.

The benefits of MAPS should outweigh the burden of external sensors. Hence, the
device burden of MAPS needs to be explored with the consultation of people with
T1D and health experience experts. People with T1ID who choose not to conduct
multiple daily blood glucose level tests and use multiple daily injections are cur-
rently compelled to use minimally invasive CSGM and CSII devices. This requires
users to take the necessary steps to regularly change the sensors [Brew-Sam et al.,
2021a; Iturralde et al., 2017, Lawton et al., 2018; Barnard et al., 2017; Rankin et al.,
2018]. Hence, an additional invasive sensor might be considered burdensome. How-
ever, there exists the possibility of integrating additional sensors in currently used
devices such as CSGM and CSII to avoid additional user burden. Previous studies
have identified relationships between invasive inputs and T1D (e.g., ketone sensors
to identify diabetic ketoacidosis [Lee et al., 2019]). Although rich relationships ex-
ist, progress is stunted because of the lack of sensors for carrying out continuous
measurements. At present, real-time interstitial insulin sensors and ketone sensors
are being developed [Teymourian et al., 2019]. These practical complexities and psy-
chosocial aspects must be evaluated to develop effective MAPS.
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7.3 Analysing the Effect of Invasive Physiological Signals
During Exercise

7.3.1 Introduction

The systematic literature review in Section 7.2 highlighted the benefits of using ad-
ditional input signals and identified that non-invasive wearable sensor inputs (e.g.,
HR, accelerometer data) have been extensively explored compared to invasive in-
puts. Hence, this section explores the effects of invasive physiological signals and
their relationships related to the glucoregulatory system. Meals and exercise are two
critical daily events that affect glucose homeostasis. In previous chapters, the effects
of meals were considered using T1D simulators and control algorithms designed to
mitigate the impact of meals on glucose control. However, due to the limitations of
existing simulators, the effects of exercise cannot be simulated. To overcome this lim-
itation, studies identified in the systematic literature review conducted clinical trials
and designed custom simulation environments to evaluate the impact of exercise. In
contrast, in this thesis, the relationships between invasive physiological signals and
exercise are studied, aiming to develop an effective glucose control strategy.

Exercise is challenging to existing treatment due to the rapidly changing insulin
needs related to different types of exercise, and often forward-planning is required
by people with T1D [Paldus et al., 2022a]. The large fluctuations in glucose dur-
ing exercise also exacerbate the effect of sensor delays [Zaharieva et al., 2019]. The
effect of exercise varies based on the type of exercise, and its duration can exceed
the period of exercise [Paldus et al., 2022a]. Exercise detection is a straightforward
problem that can use wearable device data such as HR, accelerometer, and invasive
biochemicals. Previous studies on wearable devices have extensively explored exer-
cise detection [Stenerson et al., 2014; Igbal et al., 2016; DeBoer et al., 2017]. However,
practical limitations may affect wearable devices (e.g., the device not being properly
fitted and errors in HR measurements due to darker skin tones). Integrating addi-
tional invasive sensors into existing CSII, CSGM devices may provide better mea-
surements for glucose control without additional device burden [Lee et al., 2019].
Recent studies on T1D have explored relationships between exercise and blood hor-
monal and metabolite biomarkers such as catecholamines, lactate and ketones [Lee
et al., 2019; Paldus et al., 2022b]. The benefits of blood biomarkers are not restricted
to exercise-related glucose control. They can also be used for vital tasks such as
identifying diabetic ketoacidosis to ensure patient safety [Lee et al., 2019]. Hence,
in this section, biochemical data is analysed. Specifically, the focus is on identifying
relationships between biochemicals and different exercise types (resistance exercise
(RE), high-intensity exercise (HIE), and moderate-intensity exercise (MIE)). Identify-
ing potential leading indicators of exercise is valuable to mitigate the effects of sensor
delays. Furthermore, the hormonal and metabolite biomarkers additional data may
provide further opportunities to improve existing APS.
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7.3.2 Methodology

The analysis was conducted based on data collected by St. Vincent’s Hospital, Mel-
bourne and ethics approvals were obtained for the use of the data for this analysis
(St. Vincent’s Hospital, Melbourne, Human Research Ethics Committee Reference
Number HREC 021/18) [Paldus et al., 2022b]. The dataset consisted of biochemi-
cal information from 30 participants based on a randomised crossover trial, where
each participant underwent three different types of exercise: RE, HIE, and MIE. The
biochemical data were collected every 20 minutes through blood measurements dur-
ing the exercise trials, which included 1-hour pre-exercise, 40-minute exercise, and
5-hours post-exercise periods. The blood hormonal and metabolite biomarkers mea-
sures included glucose, insulin, growth hormone, cortisol, glucagon, noradrenaline,
adrenaline, dopamine, ketones, and lactate.

Multivariate Transfer Entropy (MTE) [Lizier and Rubinov, 2012] method was
used to identify causal relationships among the blood biomarkers. MTE is an infor-
mation-theoretic approach based on the transfer entropy [Schreiber, 2000], which can
be used to identify the existence of relationships, direction, and time lag of informa-
tion flow between processes using a model-free analysis. Transfer entropy methods
are applied widely in neuroscience to understand the information flow between neu-
ral circuits through multichannel brain recordings [Wibral et al., 2014]. Transfer en-
tropy [Schreiber, 2000] and Granger causality [Granger, 1969] are popular approaches
to capture relationships between processes. However, these approaches have limita-
tions when analysing multiple processes as the generally used bivariate forms may
infer spurious or redundant relationships (e.g., common cause and pathway effects)
[Lizier and Rubinov, 2012]. Furthermore, even though multivariate forms of these
approaches exist, they are computationally expensive due to their brute-force nature
and suffer combinatorial explosions [Wollstadt et al., 2018]. The MTE approach aims
to overcome these challenges by following an iterative greedy approach to inferring
relationships using incremental conditional transfer entropy measurements.

The IDTxI Toolkit [Wollstadt et al., 2018] was used to conduct experiments, where
the analysis first combined all exercise types to identify relationships between blood
biomarkers during exercise. Next, individual exercise types (RE, HIE, MIE) were
analysed to identify exercise-specific relationships. The relationships identified in
the experiments were based on a statistical significance level of p = 0.05 with adjust-
ments for multiple comparisons.

7.3.3 Results

The experiment conducted by combining all types of exercise identified blood lac-
tate as a leading indicator that can be used to estimate other related biochemicals in
advance during exercise. The combined exercise analysis and the individual RE and
HIE exercise types observed a relationship between lactate to cortisol. The network
graphs presented in Figure 7.5 summarises the identified relationships, where the cir-
cles represent the blood biomarkers, while the arrows represent existence, direction,
and time lag of the information flow of the relationships. The time lag is presented
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based on the sampling rate of the data (1 = 20 minutes). The relationship between
lactate and cortisol has also been identified in previous work based on other analysis
techniques [Paldus et al., 2022b].

A relationship from noradrenaline to lactate was identified only in RE. This would
be valuable to distinguish RE from MIE and HIE types for glucose control as different
exercise types have varying effects on overall glucose. Relationships between lactate
- growth hormone and glucose-ketones, were also observed in RE. Relationships
between lactate, noradrenaline, and cortisol were not observed in MIE, while the
only relationship identified in HIE was lactate to cortisol.
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Figure 7.5: Information flow between blood hormonal and metabolite biomarkers.

(a) Combined analysis for all exercise types, (b) resistance exercise, (c) high inten-

sity exercise, and (d) moderate intensity exercise. The circles represent the blood

biomarkers, while the arrows represent the existence, direction, and time lag of the

information flow. The time lag is presented based on the sampling rate of the data
(1 = 20 minutes).
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7.3.4 Discussion

Knowledge of inter-relations between physiological signals can deepen the under-
standing of the glucoregulatory system and the design of personalised modelling and
treatment solutions. The MTE analysis validated lactate as an important metabolite
biomarker, which provides information regarding exercise. The systematic literature
review also highlighted the importance of the use of lactate [Quiroz and Femat, 2010;
Quiroz et al., 2011]. Differentiating different exercise types is important for selecting
appropriate treatment as they have a varying effect on glucose [Paldus et al., 2022b].
Noradrenaline was observed to be valuable in differentiating RE from HIE and MIE
types. Using lactate and noradrenaline as additional signals for APS can potentially
improve glucose regulation during challenging exercise conditions. However, future
research in many fields is required to use these blood biomarkers in a MAPS setting.
Biochemical sensors capable of continuously measuring lactate and noradrenaline
need to be developed. In contrast, this analysis collected data by conducting blood
tests. These biochemical sensors should be integrated into existing CSGM devices,
which measure glucose in subcutanenous interstitial fluid, to reduce the additional
burden.

The analysis can be further improved by addressing several identified limitations.
People with T1D who participated in the study were on a closed-loop treatment strat-
egy. Hence, the treatment affects glucose and insulin behaviour, and true variation
due to exercise cannot be identified. Furthermore, the sample size of the study was
limited to 30 participants, while the biochemical data were sampled every 20 min-
utes, which affected the accuracy of the time lags calculated in the MTE method.
However, conducting additional blood tests to collect data more frequently is practi-
cally infeasible. Hence, future analysis should progress with sensor development for
near-continuous measurements. Nevertheless, this study highlights the potential of
MAPS.
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Chapter 8

Future of Artificial Pancreas
Systems Development

Integrating Al into medicine has gained much attention due to the potential increase
in the effectiveness and efficiency of medical practices. The screening of radiological
images is a leading application that is currently being explored [Cabitza et al., 2021].
The human-AlI collaboration plays a pivotal role in this aspect, where proper pro-
cesses and protocols need to be explored [Cabitza et al., 2021]. For decades, the field
of Al has focused more on competition between humans vs machines. The former
world chess champion Garry Kasparov has been at the forefront of this competition.
He identifies the importance of collaboration and has presented an adage commonly
referred to as the Kasparov’s Law.

Kasparov’s Law [Kasparov, 2017, p.236]:

“Weak human + machine + better process was superior to a strong computer alone, and
more remarkably, superior to a strong human + machine + inferior process.”

This highlights the importance of the less explored human-AlI collaboration and
the impact of having better processes and protocols for success. This adage was
recently tested in a study by Cabitza et al. [2021], which involved radiologists and
Al models to detect knee lesions through MRI (magnetic resonance imaging). The
study verified the importance of better interaction protocols and the potential impact
of human-AI collaboration.

This chapter discusses essential characteristics of APS development by first dis-
cussing the importance of collaboration between various stakeholders associated
with the research. Next, two software tools named CAPSML and GluCoEnv are
introduced to improve the communication barrier and research and development
processes in RL-based APS. Finally, the future of APS are discussed by highlighting
important characteristics and processes related to safety, privacy, ethical considera-
tions, and clinical trials, which need to be further explored.

115
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8.1 Background: Trends in APS Development

The concept of co-creation is a collaborative initiative between multiple stakeholders
to create value through designing products and services [Makhni, 2017]. Co-creation
practices are widely adopted in technology, education, retail, and financial services
industries, while adoption in healthcare has been low [Makhni, 2017]. Traditionally,
in medical practice, the patient plays a passive role, while the information flow and
advice is from the healthcare professional who has the patient’s best interest [Din-
neen and McMorrow, 2022]. However, people with chronic conditions such as T1D
and their carers become as knowledgeable and competent in the day-to-day self man-
agement [Dinneen and McMorrow, 2022]. This patient expertise fueled by the slow
pace in the development of APS, have resulted in several open-source initiatives to
design do-it-yourself APS [Kesavadev et al., 2020]. These open-source movements,
such as #WeAreNotWaiting [Kesavadev et al., 2020] call attention to the timely need
for APS solutions, highlights the value of co-creation, as well as the importance of
proper regulatory frameworks.

“I do understand the regulatory concern, but you have to understand that, when done
correctly, and I get that’s a very big question mark, ... this technology is literally life
changing..” - Parent of a person with T1D [Carolyn et al., 2020, p.1].

The rapid advances of Al in health and medicine highlight the timely need for
computer science researchers and engineers to be part of the co-creation process of
APS development. The active involvement of all stakeholders in the Al implemen-
tation process would help them understand the benefits and limitations of Al [He
et al., 2019]. Several studies conducted in T1D identify the importance of co-creation
across disciplines, where people with T1D and their caregivers, clinicians, health
experience experts, and researchers work actively towards designing and develop-
ing APS [Desborough et al., 2022; Brew-Sam et al., 2023]. The better understanding
gained from a co-creation process would help explore solutions for challenges related
to regulations, ethics, and accountability aspects of RL-based APS.

8.2 Software Tools for APS Development

This section presents the engineering contributions of this thesis by introducing an
online demonstration tool named CAPSML and a GPU-based T1D simulator called
GluCoEnv.

8.2.1 CAPSML: An Online Demonstration Tool

Technologies based on Al are increasingly being explored in clinical applications
and have demonstrated synergistic effects when people and Al work together [He
et al., 2019]. Hence, it is essential to highlight that excellence in designing Al for
insulin delivery requires close collaboration of people and Al. However, the com-
munication between Al and clinical experts across disciplines, professions, and areas
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of expertise (including people with lived experience of T1D as research partners) is
often lacking in existing research [Desborough et al., 2022]. This results in Al sys-
tems being designed which may not reflect the clinical objectives and expectations of
people with T1D. The inherent complexity of Al algorithms further exacerbates the
situation where the systems” understanding and explainability, operation, outcomes,
data analysis mechanisms, and ML methods are low, leading to delays and failures
in adoption. For example, the design of the reward function of an RL algorithm or
the cost function of any ML algorithm requires expert domain knowledge (obtained,
e.g., from clinicians and people with lived experience of T1D), which is vital. Hence,
clinical and lived experience experts must be actively involved in the development
process in a dynamic collaboration where they would enhance their knowledge and
understanding of these novel technologies and provide their expertise and feedback
to optimise the technologies further. Al researchers and systems developers acknowl-
edging and appreciating this crucial domain expertise is an equally important prior-
ity. Furthermore, in Section 5.3, existing constraints in benchmarking and evaluating
APS proposed in previous work were identified. The lack of proper benchmarks and
open-source benchmarking platforms is a major limitation in current APS research,
affecting proper communication and research translation.

Therefore, this thesis introduces an online tool to facilitate collaboration between
clinical experts, lived experience experts and Al system developers toward develop-
ing APS. The tool named “CAPSML” offers the opportunity to interact with an Al
system that simulates glucose regulation, to better understand its operations, im-
prove the Al system, and propose improvements through clinical and lived experi-
ence feedback. In addition, the tool has the potential to provide free and accessi-
ble benchmarking, where researchers can submit algorithms securely and privately,
which is absent in the diabetes technology community. “CAPSML” is publicly avail-
able online and can be accessed at https://capsml.com/ (Figure 8.1). The tool requires
no specialised hardware and can be accessed through a desktop or mobile device. It
allows users to experiment with Al algorithms designed for APS in T1D. Its demon-
stration video can be accessed at https://youtu.be/JO5SMkPCuqCw.

The CAPSML tool has been designed based on the open-source Simglucose sim-
ulator [Xie, 2018] for conducting simulations. The tool contains implementations of
the novel G2P2C algorithm, the state-of-the-art RL algorithms A2C, PPO, and SAC,
and basal-bolus clinical treatment approaches BBI and BBHE and includes function-
alities to define protocols, as well as to compare and analyse glucose regulation
performance. First, the tool provides the capability for its user to define various ex-
periment scenarios, namely, select in-silico T1D subjects from different age cohorts
and customise meal protocols, that is, meals (breakfast, lunch, and dinner) with vari-
able carbohydrate content and occurrence time (Figure 8.2). Second, the tool eases
and enhances abilities to compare and analyse glucose regulation performance by ex-
amining the glucose/insulin trajectories and clinical metrics. The user has the ability
to compare the glucose regulation performance of implemented Al systems against
existing clinical treatment based on a basal-bolus strategy (Section 4.2.3).

The proposed CAPSML tool welcomes clinical and lived experience experts to
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Controlling Artificial Pancreas Systems through
Machine Learning

Abstract

Type 1 Diabetes (T1D) requires the administration of insulin externally to maintain glucose levels, which s cruicial as both low
and high glucose levels are detrimental. This is usually done through an insulin pump attached to the body. An continuous
glucose sensor is also attached to measure the glucose levels so that a control algorithm can estimate the appropriate insulin
dose. We design Reinforcement Learning (RL) algorithms for this control problem. The figure below summarises the main
components of an Artificial Pancreas System (APS) to treat T1D.

Glucose Measurement Insulin Delivery
e "
L Control Algorithm J

Maintaining glucose levels is a life-long optimisation problem, i due to the di i with daily

events (meals, exercise, stress.. etc), delays present in glucose sensing and insulin action, partial observability, and safety
constraints among others. Below you can see a simulated glucose control strategy of a RL algorithm.

Figure 8.1: CAPSML - An online demonstration tool.
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Run custom simulations

This is a tool where you can define a custom meal protocol and try out different control
algorithms. You can explore Reinforcement Learning based Glucose control algorithms and
compare their performance against basal-bolus clinical treatment methods. Please use the
Quick Start section to learn more about running simulations.

Please select the required configuration for the simulation and press Run.
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Figure 8.2: CAPSML - Running custom simulations.

experiment with an Al system and run custom glucose simulations. It also provides
the opportunity to investigate and learn about the Al system, which is valuable for
gaining insights into the treatment strategy learned by the intelligent algorithm. By
conducting custom simulations, the strengths and weaknesses of the system can be
identified. This is expected to be valuable for both the Al system and clinical experts
as the Al system could be continuously improved and fine-tuned based on the knowl-
edge bases of clinicians and people with lived experience of T1D; human-machine
collaboration would be a first step toward improving the explainability of Al systems
and accelerating their possible adoption in clinical practice. The proposed tool incen-
tivises researchers to submit their Al algorithms for comparison and evaluation. If
successfully used at scale, these systematic submissions could address the currently
limited benchmarking of different AI algorithms and systems in T1D.
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8.2.2 GluCoEnv: A GPU-based T1D Simulator

The development of RL-based APS requires significant effort to explore suitable prob-
lem formulations, development of RL algorithms, tuning of hyperparameters, and
testing on complete cohorts provided in simulators. Hence, the process requires sig-
nificant compute and time to run the experiments. This is a limitation in RL-based
APS development.

Similar bottlenecks in the development pipeline exist in many other RL problems.
Many recent research efforts have focussed on methods to mitigate them [Makoviy-
chuk et al., 2021; Lan et al., 2021; Freeman et al., 2021; Weng et al., 2022]. A major
bottleneck is the latency in communication added between the Central Processing
Unit (CPU) and the Graphical Processing Unit (GPU) of the computer. This is be-
cause the simulation environment is often implemented on the CPU, while the RL
algorithm based on neural networks is more efficient and suited for GPUs. During
each environment step the communication between the simulator and the RL agent
is essential, which is challenging when thousands or millions of training steps are
required. Hence, previous work has focused on implementing simulators to run on
GPUs [Makoviychuk et al., 2021; Lan et al., 2021; Freeman et al., 2021]. RL algorithms
can also benefit from parallelism, where parallel agents are used during training to
collect experiences. Hence, previous work has focused on designing vectorised par-
allel environments [Freeman et al., 2021; Weng et al., 2022].

In this thesis, following engineering best practices identified in previous work
on RL focused simulators, a tool named GluCoEnv (Glucose Control Environment)
for T1D simulations, is introduced. GluCoEnv is developed based on the Simglu-
cose [Xie, 2018] simulator and aims to address the bottlenecks identified in the
RL development pipeline. Therefore, GluCoEnv was designed to run entirely on
a GPU and provide parallel environments to improve the throughput of experi-
ments. GluCoEnv is open-source under the MIT license and available at https:
//github.com/chirathyh/GluCoEnv. The documentation of using GluCoEnv is avail-
able at https://glucoenv.readthedocs.io/en/latest /index.html. The tool is currently in
active development. As part of the tool, benchmark scenarios are proposed, provid-
ing added flexibility to explore different problem formulations. The development
of the UVA/PADOVA 2008 simulator [Kovatchev et al., 2009] has greatly impacted
the development of control algorithms for APS, and the Simglucose 2018 [Xie, 2018]
made it possible for the application of RL in this domain. It is expected that the en-
gineering contributions of GluCoEnv would further strengthen the RL-APS research
by enhancing the development pipeline. It also has the potential to attract more
RL researchers to explore solutions for the glucose control problem and contribute
towards developing real-world RL systems.


https://github.com/chirathyh/GluCoEnv
https://github.com/chirathyh/GluCoEnv
https://glucoenv.readthedocs.io/en/latest/index.html
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8.3 Future Directions and Recommendations for RL-based APS

8.3.1 Safety and Explainability

In this work a modular RL algorithm named G2P2C for glucose control was intro-
duced which improved the performance and safety compared to the state-of-the-art
PPO algorithm. The G2P2C algorithm was designed by considering application-
specific constraints. The algorithm improved safety by introducing a planning mech-
anism. However, in future work the safety of G2P2C may be further improved by
leveraging the learned glucose dynamics model to design additional safety modules.
For example, the estimated future glucose may be used to forecast future hypogly-
caemia and hyperglycaemia. In existing treatment methods such modules exist to
inform the person with T1D so that the person can intervene and take necessary
precautionary measures.

The glucose estimation module may be further improved to include the latest neu-
ral network architectures. This thesis used LSTM and dense networks in the glucose
prediction module. Temporal and dynamic relationships between the glucose and
insulin features used are essential for the glucose prediction task [Cui et al., 2021].
Latest deep neural network architectures, such as Transformers (2017), can learn such
relationships through their self-attention mechanism [Vaswani et al., 2017]. During
the thesis, a collaboration study explored the application of recurrent self-attention
networks and transfer learning for glucose prediction and achieved the state-of-the-
art performance on the standard OhiohT1DM benchmark [Marling and Bunescu,
2020; Cui et al., 2021]. Hence, G2P2C has the potential to improve by exploring the
latest neural network architectures to augment the novel optimisation phases pro-
posed in G2P2C.

Explainable AI (XAI) is an emerging field crucial for the practical deployment of
Al models [Arrieta et al., 2020]. Explainability is an active characteristic of a model,
where the model carries out an action or procedure with the intent of clarifying its
function [Arrieta et al., 2020]. Explainability is very important in healthcare appli-
cations, particularly in RL-based APS, as the algorithm makes decisions frequently
(e.g., every 5 minutes) compared to common uses of Al with one-time predictions
[Gottesman et al., 2019]. As identified in Chapters 4 and 5, the RL-based APS deci-
sions are more complex than the standard treatment. The learned model in G2P2C
may be used to improve explainability by providing the user with a visualisation
of the forward planning carried out by the algorithm. This may provide insights
towards the suggested insulin actions. However, further research and collaboration
with clinicians are required to improve the explainability of RL-based APS.

8.3.2 Technology Transfer and Research Translation

RL algorithms require a large amount of data for training. Hence, as an initial step,
T1D simulators are required to train the algorithms. The simulators present peo-
ple with varying glucose dynamics to represent the T1D patient population. Hence,
prior to the application on in-vivo, in-silico training based on a digital twin is required.
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However, the transferability would also require sufficient real-world training, which
could be infeasible and extremely dangerous to be conducted on-line. Hence, an
off-line approach to use existing patient data to fine tune the learned control strategy
is required. In future work, the use of off-line patient data to fine-tune the glucose
dynamics modules in G2P2C to learn a personalised glucose dynamics of the target
subject can be explored. The learned model can also be used for simulation based
training for the RL algorithm. A fundamental limitation to research in the area of
RL-based glucose control algorithms is the restrictions present in current T1D sim-
ulators. In future work, with additional engineering effort platforms can be created
for RL algorithms to use the latest version of the UVA/PADOVA simulator (2018).

8.3.3 Privacy and Security

Privacy of information and patient security are vital in healthcare applications. APS
can be considered as a networked information systems where patient data such as
glucose measurements and administered insulin information is stored and a control
algorithm used to process this data. Hence, attention is required to ensure the se-
curity and privacy of communication related to this system where, user data can be
compromised and unauthorised access to the data and manipulation could be life
threatening due to the safety critical nature of the application.

Encrypting the control algorithm is an approach to enhance privacy and security
and has been explored in various applications with linear controllers [Kogiso and
Fujita, 2015]. During the thesis, a collaboration study explored homomorphic en-
cryption for APS operating under a PID controller, which achieved encryption with-
out compromise on performance [Weng et al., 2023]. However, an RL-based control
algorithm is non-linear and much more complicated for the encryption procedure.
Hence, further research is required to evaluate the security and privacy aspects of
RL-based APS.

8.3.4 Ethical Considerations

The application of RL to real-world health applications is a relatively new field of
study. Hence, future research is required to explore ethical implications associated
to responsibility and accountability. The FDA has identified guidelines for AI/ML
applications in healthcare which would be valuable for the future development of
glucose control methods. However, further explorations need to be conducted specif-
ically in relation to RL algorithms, since it has the ability to continue learning and
improving based on the patient.

8.3.5 Clinical Trials

Clinical trials are required to properly evaluate the proposed G2P2C algorithm. The
regulations applicable to the target geography needs to be identified and carefully
analysed prior to clinical trials. A human-in-the-loop approach is expected to be
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valuable in initial clinical trial settings, where low-risk clinical trials with a small du-
ration can be considered and a clinician added to the control loop to accept or reject
the suggested insulin dose of the RL algorithm. This would be valuable to ensure
the safety of the patient and the clinical feedback could be a considered as expert
demonstrations which is useful for fine-tuning of the RL algorithm. This is expected
to be an iterative process to improve the algorithm, its safety, and explainability.

8.4 Summary

The development of RL-based APS requires a multi-disciplinary research effort. In
this thesis, CAPSML and GluCoEnv were engineered as tools to facilitate collab-
oration between these different stakeholders. CAPSML aims to improve the com-
munication between clinicians, lived experience experts, and RL researchers, while
GluCoEnv focuses on using engineering to assist the research effort. Both the tools
(CAPSML: https://capsml.com/, GluCoEnv: https://github.com /chirathyh /GluCoEnv)
are released as open-source under the MIT license along with the codebase of G2P2C
(https://github.com/chirathyh/G2P2C) to support the development of RL-APS.


https://capsml.com/
https://github.com/chirathyh/GluCoEnv
https://github.com/chirathyh/G2P2C

Chapter 9

Thesis Conclusion

The thesis introduced the research problem of glucose regulation in T1D in Chap-
ter 1 and presented the background material related to T1D, APS, ML, and RL in
Chapters 2 and 3. This thesis builds on the previous research efforts in T1D and
RL domains (Figure 9.1). The Chapters 4, 5, 6, and 7 presented the research contri-
butions related to RL-APS and MAPS. In Chapter 8, engineering contributions were
presented with future directions for APS. This final chapter concludes the thesis by
summarising the research/engineering contributions, highlighting limitations, and
presenting the broader research impact of this thesis.
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Figure 9.1: A timeline of type 1 diabetes and reinforcement learning milestones.
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9.1 Thesis Summary and Contributions

T1D is a chronic disease affecting millions of people worldwide, requiring exogenous
insulin administration to maintain glucose homeostasis [DiMeglio et al., 2018]. APS
can be identified as the latest treatment strategy, which is an HCL system [Cobelli
et al., 2011]. However, they require manual inputs from the user (CHO estimation,
meal announcement, and insulin dose calculations), which adds a significant cog-
nitive burden on people with T1D and their carers, while human error affects the
performance leading to sub-optimal glucose control (Chapter 2) [Brew-Sam et al.,
2021a]. The problem of glucose regulation is challenging due to factors such as com-
plex dynamics, delays, disturbances, and uncertainty [Bothe et al., 2013]. ML and RL
techniques have been proven to address these challenges and have also been explored
in APS development (Chapter 3) Bothe et al. [2013].

This thesis primarily explored using RL algorithms to design APS to automate
the treatment. A novel RL algorithm named G2P2C, capable of eliminating meal
announcement and CHO estimation was proposed to reduce the cognitive burden,
which outperformed clinical treatment on the adult T1D cohort (Chapter 5). To de-
velop G2P2C, first, an RL problem formulation was proposed, and next, the state-of-
the-art RL algorithms were explored to understand their algorithmic characteristics
and suitability for glucose regulation (Chapter 4). The RL problem formulation fo-
cused on challenging characteristics of real-world problems such as partial observ-
ability, delays, and reward function design. A novel method of using non-linear
action spaces for RL agents was proposed to tackle the complex action space of
the problem, which improved the learning performance, efficiency, and convergence
properties of RL agents (Chapter 6). As a secondary objective of the thesis, a system-
atic literature review was conducted to investigate the use of additional physiological
signals (e.g., heart rate, galvanic skin response, and lactate) to design MAPS as an
extension to APS. Invasive physiological signals, which were minimally explored in
previous work, were analysed in this thesis in the context of different exercise types
of T1D to explore valuable physiological signals for glucose control (Chapter 7).

The thesis focused on a multidisciplinary research approach, where feedback
from people with T1D, health experience experts, clinicians, engineers, and research-
ers was incorporated to identify thesis objectives and develop solutions. Further-
more, communication between the stakeholders was improved by introducing two
software tools, CAPSML and GluCoEnv. The thesis also provides the codebase of
this research as open-source under the MIT license for replication and facilitating the
future development of RL-based APS (Chapter 8). The key contributions of this work
based on the research objectives are summarised below.
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(1) Develop fully automated RL-based APS to alleviate the cognitive burden on
people with T1D:

Eliminating Meal Announcement & CHO Estimation. The glucoregulatory system
is challenged by the uncertainty of daily meal events and their disturbances to glu-
cose control. Furthermore, the delays in glucose sensing (roughly 6-12 minutes) and
insulin action (roughly 5-15 minutes, depending on the type of insulin) add further
challenges [Villena Gonzales et al., 2019; Vliebergh et al., 2021]. As a result, existing
treatment requires the use of meal announcements typically 20 minutes in advance
to reduce uncertainty and the estimation of the CHO content of the meal to quantify
the potential disturbance to glucose. However, this process also adds a significant
burden on people with T1D [Brew-Sam et al., 2021a]. Hence, this thesis explored the
use of RL algorithms, which are suited for stochastic control tasks, and designed a
glucose control algorithm, called G2P2C, which does not require such manual inputs.

RL Problem Formulation & Non-linear Action Spaces. In contrast to popular board
game environments, applying RL to real-world problems presents many challenges.
Hence, this thesis proposed a POMDP-based problem formulation where state/ac-
tion space and reward function designs were presented. The action space was ex-
plored in detail to address the challenges of the large continuous action space and
the possible existence of redundant actions due to the specific characteristics of the
problem. A novel idea was introduced, where translation functions were proposed
to map the action space of the RL agent to the control space of the actuator. This
proposed translation was non-linear, in contrast to a more traditional approach of
mapping the action and control spaces linearly in RL tasks. It resulted in an im-
proved performance and efficiency of learning while portraying smooth convergence
properties.

G2P2C Algorithm. A comparison study of the state-of-the-art RL algorithms for glu-
cose control identified PPO as a suitable candidate algorithm for APS development
due to its constrained policy optimisation procedure. However, due to the prac-
tical limitations of the RL objective based on an infinite-horizon control problem,
catastrophic failures were identified in the PPO algorithm. Hence, a novel algorithm
named G2P2C was developed. The G2P2C algorithm was designed based on the
state-of-the-art PPO algorithm, where two novel optimisation phases — model learn-
ing and planning — were introduced. The model learning phase integrated into
G2P2C learned a glucose dynamics model, which was used in the planning phase to
plan for the short horizon and fine-tune the policy. This mechanism reduced catas-
trophic failures and also improved performance. As a result, G2P2C outperformed
the basal-bolus clinical treatment for the adult T1D cohort, even though no meal an-
nouncements and CHO estimations were provided.
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(2) Explore the use of additional physiological variables to develop MAPS:

MAPS. The widespread nature of wearable devices and increased attention towards
developing invasive sensors provide an opportunity to use valuable additional infor-
mation for glucose control. Hence, in this thesis, a systematic literature review was
conducted to identify additional physiological signals that could improve glucose
control. The review identified that invasive physiological signals were explored less,
while additional physiological signals were mainly used to address glucose control
challenges associated with exercise. Similarly to meals, exercise is a daily activity
that affects glucose control, and hence, its accommodation in existing treatments was
challenging due to the rapidly changing insulin needs related to different types of
exercise. Hence, invasive physiological signals were analysed in the context of differ-
ent types of exercise (MIE, HIE, and RE). An MTE approach was used to model the
physiological signals to learn the inter-relations of the glucoregulatory system. The
analysis validated lactate as an important biomarker in estimating exercise events,
while noradrenaline was observed to be valuable in differentiating RE from HIE and
MIE. This work is expected to be valuable towards the development of MAPS, which
is considered the next generation of APS.

(3) Develop software applications/tools to support T1D education and research:

CAPSML & GluCoEnv. Development of RL based-APS requires the combined ef-
fort of people with T1D, clinicians, health experience experts, computer science re-
searchers, and engineers. However, in existing research, the lack of communication
between the groups leads to solutions that are practically infeasible to implement and
are also evaluated on non-realistic meal protocols. A significant barrier also exists in
communicating the concepts of RL to people from non-RL backgrounds. Hence, the
demonstration tool CAPSML was designed to improve the communication between
technical and non-technical audiences. The feedback from this tool is expected to be
valuable in future RL-based APS development. Furthermore, GluCoEnv was engi-
neered as a simulation tool to enhance the experimentation process in RL-based APS.
The introduced tools aim to address human and technical barriers associated with
developing RL-based APS.

Comparison with Prior Work. In contrast to most previous work on RL-based APS
[Sun et al., 2018; Myhre et al., 2018; Ngo et al., 2018a,b; Sun et al., 2019], this thesis
aimed to develop fully automated RL-based APS, which eliminates the requirement
of meal announcement and CHO estimation. Furthermore, this thesis identified limi-
tations in the handful of previous automated RL-based APS, where the development
focus has been on low CHO meals [Fox and Wiens, 2019; Fox et al., 2020], evaluated
on adult-only T1D cohorts [Lee et al., 2020b], and resulted in over-personalised so-
lutions [Lee et al., 2020b]. Hence, this thesis focused on a generalised RL-based APS
solution evaluated on multiple T1D cohorts and designed for realistic high CHO
meal scenarios. In addition, a much stricter definition of catastrophic failures was
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used in this study. The novel G2P2C algorithm proposed in this thesis outperformed
the SAC-based hybrid approach proposed in Lim et al. [2021] for adult and adoles-
cent cohorts. However, the performance was lower in the adult cohort compared
to Lee et al. [2020b]. The comparison is limited due to the different experimental
settings used, highlighting the need for appropriate APS development benchmarks.
The replication of previous studies was also impossible due to the unavailability of
source code and associated parameters. Hence, following best practice, basal-bolus
clinical treatment strategies were implemented, and standard clinical metrics were
used for the evaluation, where G2P2C outperformed an ideal basal-bolus strategy in
the adult cohort. However, G2P2C can be further improved to reduce failures and
future work required to explore the explainability and transferability aspects of the
algorithm. To facilitate the future development of RL-based APS and replication, the
codebase of this thesis is open-source under the MIT license.

MAPS presents a promising direction for future research on glucose regulation.
In previous studies Kudva et al. [2014] analysed the clinical importance of additional
physiological signals, while Cinar [2017] and Patek [2019] analysed the current limi-
tations of APS to approach MAPS. In contrast, the systematic literature review con-
ducted in this thesis focused on the technical aspects of MAPS development, where
types of additional physiological signals used, control techniques, architectures, and
validation methodologies were explored. Furthermore, the MTE-based analysis on
invasive physiological signals in the context of different exercise types presented in
this thesis augments previous work by Paldus et al. [2022b] on a relatively less ex-
plored domain.

9.2 Limitations

T1D Simulator. The RL-based APS proposed in this research used a T1D simula-
tor based on the FDA-approved UVA/PADOVA 2008 model [Kovatchev et al., 2009].
The best practice in developing glucose control algorithms is using simulators for
pre-clinical proof-of-concept testing. However, these simulators have limitations in
replicating real-world scenarios (e.g., simulating rescue CHO used in the real-life,
impact of stress, exercise). Hence, this research was restricted to an in-silico analysis
and future clinical trials are required to assess the performance of the proposed algo-
rithms. Furthermore, additional physiological signals were identified and analysed
as part of this research. However, these additional inputs were not integrated into
the control algorithm due to the limitations of the simulators to model the effect of
these physiological signals. Furthermore, using existing simulators for developing
RL-based APS presents numerous engineering challenges (e.g., integration of RL al-
gorithms and running multiple agents in parallel). Hence, in the thesis, a GPU-based
simulator was designed based on the UVA/PADOVA 2008 model to facilitate the
development of RL-based APS.
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Evaluation Benchmarks. The field of glucose control algorithms lacks appropriate
benchmarks for comparison between studies. This is mainly due to the various ex-
perimental settings (simulators, meal protocols, T1D cohorts) used. Hence, research
on glucose control often benchmarks the performance of algorithms against standard
clinical treatment approaches and guidelines, as presented in this work. In this the-
sis, basal-bolus clinical treatment strategies were replicated as the gold standard for
evaluation due to their widespread recognition among clinicians. This benchmark,
however, was challenging as they used meal announcement and CHO estimation,
whereas the RL-based APS proposed in this work eliminated this requirement to
reduce the cognitive burden on people with T1D. Furthermore, it is essential to high-
light that replicating previous RL-based APS solutions was impossible due to the un-
availability of source code and hyperparameters. The replication of RL-based studies
also requires significant computing resources to be trained from scratch. Hence, the
codebase of this study was released publicly for the reproducibility of the work,
along with trained models released as part of an online demonstration tool under
the MIT license to facilitate future work in this field.

Exploring State-Of-The-Art RL Algorithms. In recent years and especially dur-
ing the period of this thesis, there has been an explosion of RL algorithms being
designed. The training and fine-tuning hyperparameters for RL algorithms target-
ing the 20-in-silico subjects present in this thesis requires significant computational
resources. Hence, in this thesis, the most widely accepted and explored the state-of-
the-art RL algorithms A2C (2016) [Mnih et al., 2016], PPO (2017) [Schulman et al.,
2017], and SAC (2018) [Haarnoja et al., 2018] were explored. Variations of the
above and more recent algorithms such as CPO (Constrained Policy Optimisation,
2017) [Achiam et al., 2017], AlphaZero (2017) [Silver et al., 2017], ME-TRPO (Model-
Ensemble Trust Region Policy Optimisation, 2018) [Kurutach et al., 2018], MBPO
(Model-Based Policy Optimisation, 2019) [Janner et al., 2019], GAMPS (Gradient-
Aware Model-based Policy Search, 2020) [D’Oro et al., 2020], and MuZero (2020)
[Schrittwieser et al., 2020] were not explored in this thesis. However, the ideas present
in these latest algorithms would be beneficial to improve G2P2C in future work.

G2P2C Algorithm. The successful real-world application of the proposed G2P2C
algorithm requires further research on the areas of safety, personalisation, transfer-
ability of the in-silico learned strategy to real-life, and explainability of the control
strategy. The design of G2P2C considered all these aspects where the learned glu-
cose dynamics model could be used for developing safety modules (e.g., glucose
prediction, hypoglycaemia alarm systems) and personalising learnt glucose control
strategies to real individuals by using off-line data to fine-tune the glucose dynamics
model. The demonstration tool CAPSML was introduced as a first step to improve
the explainability and communication between researchers, clinicians, and people
with T1D. This study did not analyse the impact of the model error of the learned
glucose dynamics model on the control performance. Future work could explore
the effect of using glucose prediction for different time horizons (e.g., 30, 60 min-
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utes) in contrast to the one-step (5-minute) ahead predictions used in this study. The
planning mechanism of G2P2C can be used to further improve the explainability
by presenting an analysis of different glucose control scenarios. This research is re-
served for future work.

Action Space Analysis. This thesis identified the state-of-the-art PPO algorithm as
suitable for the glucose regulation application, which requires continuous control
and steady learning. Hence, the non-linear action space analysis was only conducted
based on PPO to reduce the compute resource requirements. However, it is expected
that the identified benefits are also applicable to other similar on-policy RL algo-
rithms, such as A2C. The results draw a promising line of research to explore the
contribution of non-linear action spaces on other on-policy and off-policy RL algo-
rithms and also on other RL problems. The use of a linear action space does not
impose any bias in the learning process, as all actions are equally probable. In con-
trast, the proposed action space formulation used prior knowledge about the insulin
action distribution to facilitate better learning which incorporates the bias of the
current clinical practice in T1D insulin treatment. This introduced bias was demon-
strated as valuable for the glucose regulation task to achieve effective and efficient
control. However, the effect of the bias in the proposed approach could be detrimen-
tal in problem domains with limited expert knowledge, and future research could
focus on methods to identify the most suitable translation functions to design the
target non-linear action spaces.

MAPS Survey and Analysis. The systematic literature review conducted as part
of this thesis analysed existing APS designs to identify the types of input variables
used, control techniques, architectures, and validation methodologies. Its scope was
limited to studies that proposed APS. However, research studies exist that aim to
identify relationships between various physiological signals and T1D. Surveying and
identifying such relationships would benefit the development of MAPS. The study
on analysing invasive physiological signals during exercise was limited to 30 partic-
ipants on a closed-loop treatment strategy, while the biochemical data were sampled
every 20 minutes. These limitations affect the identified relationships and the accu-
racy of the calculated information flow delays. However, even though larger datasets
with better resolution are valuable, such datasets are currently unavailable.

9.3 Broader Impact Statement

This PhD thesis was conducted as a multidisciplinary research project with multi-
professional collaboration and collaborative co-creation with people with T1D, clin-
icians, health experience experts, engineers, and computer science researchers. The
collaboration among these stakeholders enabled this thesis to identify the importance
of exploring methods to reduce the cognitive burden and the potential of additional
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physiological signals. In addition, the co-creation activities with clinicians helped
fine-tune reward functions, incorporating real-life problem constraints in designing
the G2P2C algorithm. The societal impact of this research is broadly towards dia-
betes and ML communities.

Diabetes Community. The control algorithms developed in this research aim to im-
prove current treatment by eliminating meal announcements and CHO estimation to
reduce the cognitive burden on people with T1D. In addition, the proposed G2P2C
algorithm and the CAPSML tool allow clinicians to understand and learn about the
RL-based APS and their potential to improve future treatment strategies while being
actively involved in the development process.

ML Community. Most existing research on RL focuses on board games and com-
puter games. In contrast, this thesis explored using RL algorithms towards the real-
world glucose control problem. Real-world RL systems are presented with many
challenges, which are also present in the problem of glucose regulation. Hence,
glucose control can be identified as a highly suitable application for developing real-
world RL algorithms. This thesis explored solutions to these challenges and pro-
posed a novel modular RL algorithm, G2P2C, which showed promise to be used in
real-world applications and thus highlights the importance of developing such al-
gorithms to suit real-world problems. Hence, the work presented in this thesis is
valuable towards applying RL methods to real-world applications.

Popular RL application domains have extensive online resources for researchers
and developers, where the problem is clearly formulated and open-source codebases
released with hyperparameter settings and documentation. However, applying RL
to glucose control presents many engineering challenges, and minimal associated re-
sources are available. Hence, the codebase of this thesis was open-sourced, and a
GPU-based T1D simulator was designed to address engineering constraints. These
efforts reduce the barriers to entry and motivate RL researchers to explore this real-
world problem. Hence, these contributions are valuable for the ML community:.

Ethical and Legal Implications. RL-based APS is a relatively new area of research.
Hence, future work and collaborations are required. Open-source contributions are
valuable towards the progress of the field.

“When you put together open medicine, open science, open access, open source, and open
data—Open®—all sorts of new channels of research activity become available,
and existing ones become exponentially more powerful.”
-Eric Topol, The Patient Will See You Now: The Future of Medicine is in Your Hands
[Topol, 2015, p.211].

However, as identified in Chapter 8, open-source initiatives such as #WeAreNot-
Waiting have commenced developing do-it-yourself APS. These community-driven
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projects use open-source resources and crowd-sourced data to develop control algo-
rithms. Hence, releasing open-source resources presents a risk to people with T1D,
as they can be used to design control algorithms. Due to these ethical implications,
the resources related to the trained models (e.g., model files) were not released to
the public in this research. Instead, to encourage the co-creation process, the de-
signed online demonstration tool CAPSML (MIT license) allows the public to test the
trained algorithms through a simulation interface. However, the codebase is open-
source under the MIT license, allowing researchers to train their own algorithms
and are encouraged to collaborate with the project for additional information and
resources.

Proper ethics approvals were obtained for the work conducted during this thesis
(Australian National University, Human Research Ethics Committee, Protocol Num-
ber: 2020/411 and Protocol Number: 2020/534, St. Vincent’s Hospital, Melbourne,
Human Research Ethics Committee Reference Number HREC 021/18). In parallel
with the research and development process, work on ethical and legal guidelines is
a must to realise RL-based APS. In addition, clarity in the regulatory framework of
using RL for healthcare and conducting clinical trials would benefit the RL-APS de-
velopment process.

Research Outreach Initiatives. In addition to the research publications targeting
the academic community in T1D and ML, several research outreach initiatives were
conducted to communicate the concepts of RL and APS to the general public. The
research outcomes of the thesis was presented at the World Diabetes Day - 2022 event
in Canberra and will be demonstrated at the Medical Informatics in Europe Confer-
ence 2023 and during the Vitalis 2023 eHealth exhibition on May 2023.

9.4 Final Remarks

The importance of a multidisciplinary research effort was highlighted throughout
the work of this thesis. The guidance and contribution of people with T1D, clini-
cians, and health experience experts were valuable to identify the cognitive burden
in existing treatment as an important area of improvement. The thesis was limited
to an in-silico analysis. However, the proposed G2P2C algorithm shows promise as
a candidate algorithm for glucose control. The tools developed during this thesis is
expected to be valuable for future RL-based APS development. The thesis also iden-
tified important and interesting areas of research in RL, which would be valuable in
future applications and real-world RL systems.
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Appendix A

Sample Glucose Control
Simulations for G2P2C.
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Figure A.1: Sample glucose simulation for Adult0 using G2P2C.
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Figure A.2: Sample glucose simulation for Adultl using G2P2C.
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Figure A.3: Sample glucose simulation for Adult2 using G2P2C.
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Figure A.4: Sample glucose simulation for Adult3 using G2P2C.
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Figure A.5: Sample glucose simulation for Adult4 using G2P2C.
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Figure A.6: Sample glucose simulation for Adult5 using G2P2C.
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Figure A.7: Sample glucose simulation for Adult6 using G2P2C.
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Figure A.8: Sample glucose simulation for Adult7 using G2P2C.
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Figure A.9: Sample glucose simulation for Adult8 using G2P2C.
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Figure A.10: Sample glucose simulation for Adult9 using G2P2C.
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Figure A.11: Sample glucose simulation for Adolescent0 using G2P2C.
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Figure A.12: Sample glucose simulation for Adolescentl using G2P2C.
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Sample Glucose Control Simulations for G2P2C.
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Figure A.13: Sample glucose simulation for Adolescent2 using G2P2C.
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Figure A.14: Sample glucose simulation for Adolescent3 using G2P2C.
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Figure A.15: Sample glucose simulation for Adolescent4 using G2P2C.
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Figure A.16: Sample glucose simulation for Adolescent5 using G2P2C.
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Figure A.17: Sample glucose simulation for Adolescent6 using G2P2C.
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Figure A.18: Sample glucose simulation for Adolescent” using G2P2C.
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Figure A.19: Sample glucose simulation for Adolescent8 using G2P2C.
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Figure A.20

: Sample glucose simulation for Adolescent9 using G2P2C.



Appendix B

Systematic Literature Review
Resources

B.1 Search Query Formulation

Different strategies were explored to develop a suitable search query with the help
of a research librarian. It was identified that the studies were not able to be simply
queried through the use of the Medical Subject Headings (MeSH) terms due to the
following constraints:

¢ All papers had not been indexed using MeSH terms (e.g., diabetes mellitus,
type 1 and pancreas, artificial).

* Some MeSH terms (e.g., Devices, Wearables) had been introduced recently
whereas this survey focused on literature for the period 2005-2020.

Hence, the proposed query (Table 7.1) was designed to encompass all studies re-
lated to APS and control. The queries were not restricted by terms, such as “wear-
ables, physiological signals”, in order to ensure that none of the potential studies was
omitted. Hence, instead all the 1388 results from the general queries were manually
screened to identify the appropriate studies.

B.2 CASP Quality Assessment of Selected Studies

CASP (Critical Appraisal Skills Programme) Questions:

® Question 1: Was there a clear statement of the aims of the research?

Question 2: Is a qualitative methodology appropriate?

Question 3: Was the research design appropriate to address the aims of the
research?

Question 4: Was the recruitment strategy appropriate to the aims of the re-
search?

Question 5: Was the data collected in a way that addressed the research issue?
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* Question 6: Has the relationship between researcher and participants been ad-
equately considered?

® Question 7: Have ethical issues been taken into consideration?

* Question 8: Was the data analysis sufficiently rigorous?

* Question 9: Is there a clear statement of findings?

¢ Question 10: How valuable is the research?

Table B.1: CASP quality assessment.

Study 01 02 | Q3 |04 |05 |06 | Q7 | O8 | Q9 | Q10
Main Studies
Quiroz and Femat [2010] | Y Y Y NA|NA|CT | NA|Y Y Y
Quiroz et al. [2011] Y Y Y NA|NA|CT |[NA|Y Y Y
Khan et al. [2013] Y Y Y NA|NA|CT |[NA|Y Y Y
Qaisar et al. [2012] Y Y Y NA|NA|CT |[NA|Y Y Y
Stenerson et al. [2014] Y Y Y Y Y N Y Y Y Y
DeBoer et al. [2017] Y Y Y Y Y CT |Y Y Y Y
Jacobs et al. [2015] Y Y Y Y Y CT |CT |Y Y Y
Resalat et al. [2019Db] Y Y Y Y Y CT |CT |Y Y Y
Turksoy et al. [2013a] Y Y Y Y Y CT | N Y Y Y
Turksoy et al. [2013d] Y Y Y Y Y CT |CT |Y Y Y
Hajizadeh et al. [2019] Y Y Y NA|NA|CT [ NA|Y Y Y
Clinical Studies
Breton et al. [2014] Y Y Y Y Y CT |Y Y Y Y
Jacobs et al. [2016] Y Y Y Y Y CT |Y Y Y Y
Castle et al. [2018] Y Y Y Y Y CT |Y Y Y Y
Turksoy et al. [2013b] Y Y Y Y Y CT |CT |Y Y Y
Turksoy et al. [2014] Y Y Y Y Y CT |Y Y Y Y
Turksoy et al. [2018] Y Y Y Y Y CT |Y Y Y Y

Y = YES, N = NO, CT = CAN'T TELL, NA = NOT APPLICABLE.
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B.3 Patents Associated with MAPS

Table B.2: Patents associated with MAPS.

Patent ID Patent Name Application Inventor
Granted

Automatic insulin Inventors: Ali Cinar,
Fésiiizofjglgz pumps using recursive Meriyan Oruklu.
Oruklu multivariable models 2014-04-08 | Current Assignee:
2014] ’ and adaptive control Illinois Inst of

algorithms. Technology.

Inventors: Ali Cinar,

US10646650B2| Multivariable artificial Kamuran Turksoy, Iman
[Cinar et al., | pancreas method and 2020-05-12 | Hajizadeh. Current

2020]

system.

Assignee: Illinois Inst of
Technology.
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