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Abstract

People with type 1 diabetes (T1D) depend on externally administered insulin to regulate their
blood glucose levels and prevent long-term complications. Managing diabetes involves a com-
plex set of tasks, including glucose monitoring, insulin administration, carbohydrate counting,
and maintaining a regular exercise routine, among other lifestyle choices. Achieving the recom-
mended glycemic target is challenging, with only about one out of four individuals successfully

managing their condition.

Clinical wearable devices, such as continuous glucose monitors, insulin pumps and activity
trackers, play a crucial role in helping people with T1D to control their blood glucose levels.
Artificial intelligence (AlI) and decision support systems that leverage the wealth of data gener-
ated by these devices can offer significant assistance in managing T1D effectively and enhancing

the overall quality of life of those living with the condition.

This thesis focuses on building Machine Learning (ML) models using glucose, insulin, meal,
and activity data, to predict potential future adverse events, such as nocturnal hypoglycaemia,
recommend carbohydrate intake to prevent low glucose levels, or forecast forthcoming blood
glucose values. These models can be used as the backbone of an Al decision support system for
T1D management outside of clinical settings, mitigating the risk of health complications and

the progressive deterioration of the disease.
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Chapter 1

Introduction

1.1 Motivation

We live in an era where artificial intelligence (Al), defined by emeritus Stanford Professor John
McCarthy in 1955 as ‘the science and engineering of making intelligent machines’; is disrupting
and reshaping nearly every field and industry. From finance to entertainment, manufacturing,
and transportation, Al is pushing the limits of what was previously considered impossible.
Healthcare too, is another sector which has seen innovative breakthroughs and is expected
to have a profound transformation driven by Al algorithms [1]. The ageing population, the
growing burden of chronic diseases, along with staff shortages and the rising costs, are just
some of the challenges that healthcare systems are facing today [2, 3]. Even though we are still
in the early days of the adoption of Al in healthcare systems, there is growing evidence that

AT applications can tackle effectively many tasks and help clinicians and patients alike [4].

One of the most successful applications of Al is in the field of computer vision. In one study,
a convolutional neural network (CNN) trained in more than hundred thousand chest X-ray
scans was able to detect pneumonia with an area under the currve (AUC) score of 76%. When
compared with the results from radiologists who also examined the scans, it proved to be
that the algorithm outperformed the doctors’ diagnosis [5]. A similar study was conducted

in dermatology where an algorithm was trained in 130,000 patients’ images aiming to classify
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skin cancer. The algorithm achieved an AUC around 95% both for carcinoma and melanoma
detection. When compared with the accuracy of certified dermatologists it proved to be that the
AT algorithm at least matched doctors’ performance [6]. The list goes on with applications in
ophthalmology [7], cardiology [8] and other areas. However, a notable example is a study which
emphasized the synergy of clinicians and Al algorithms, as opposed to human versus machine.
In this study, the task was to identify breast cancer, and results from the combination of

pathologists and Al were more accurate than any of the two individual predictions alone[9].

ChatGPT (OpenAl, San Fransisco, CA, USA) and many other similar generative artificial
intelligence chatbots is another area which has a great potential to reshape healthcare. These
chatbots are essentially deep learning algorithms that use the Transformer architecture [10],
also called Large Language Models (LLM), which are trained on a huge amount of text data
from the Internet, with the aim of generating text, based on user request. Such tools can be
used as virtual assistants, helping clinicians to provide a diagnosis based on the symptoms
of the patients and recommend appropriate interventions related to their condition [11]. One
of the first of its kind randomized clinical trial aiming to evaluate the effectiveness of LLMs
in enhancing physicians’ diagnostic reasoning compared to traditional resources, showed that
there were no significant differences between the two groups [12]. However, this study was
limited by the relatively small number of participant physicians and by the fact that none of
them were trained in prompt engineering, a concept which significantly improves the accuracy

of results generated by LLMs.

In addition to Al tools designed for clinicians, there are also Al applications that help patients
manage their health more effectively. A great example is diabetes, a very complicated metabolic
disorder, which is characterized by glucose dysregulation. Medical devices such as continuous
glucose monitoring (CGM) sensors, insulin pens and pumps have been a revolution in diabetes
management and have become a necessity for many people. Harvesting the vast amount of
data generated by these medical devices and combining them with data collected from health
and wellness wearables and food intake apps [13], offer a unique opportunity to develop so-
phisticated solutions, such as intelligent DSS for diabetes management. DSS empowered by

artificial intelligence algorithms can make predictions for future blood glucose levels, predict
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adverse events before they occur (such as nocturnal hypoglycaemia), as well as recommend
insulin doses and other interventions [14, 15]. Hence, they can add significant value in the

management of diabetes and improve people’s quality of life.

1.2 Research Objectives

The main research objectives of this thesis are summarized below:

e Blood glucose level prediction: The key research question here is to test how accurately we
can predict future blood glucose levels in hospitalized patients, with or without diabetes.
Extended work in this field has been done in outpatient populations, however the challenge
with inpatients is that there are not a lot of available datasets and also, usually people
stay in the hospital for a limited amount of time resulting in only a few data points per
patient. The approach we follow is to use some of the best performing algorithms which
have been proven to be effective in outpatients, and apply them in a proprietary clinical
dataset of inpatients (Imperial College London, London, UK) to predict future glucose
levels. Also whereas in most of the previous work the prediction horizon is up to 1 hour,

here to try to extend this further to 90 and 120 minutes in the future.

e Prediction of nocturnal hypoglycaemia (NH): Here the objective is to develop and ex-
ternally validate binary classifiers in order to predict before bedtime the occurrence of
hypoglycaemia during sleep. The group of people we are most interested in, are people
using multiple daily injection (MDI) insulin regimen, since this is the cohort which needs
the most support in dealing with NH. We aim to find ways to best capture as many
patterns as possible from glucose signals, and for this reason we use a time series feature
engineering library to extract features across the statistical, temporal and spectral do-
mains. Additionally, we aim to test if these models can be used in glucose sensors from

different manufacturers and different sampling frequencies.

e Nocturnal hypoglycaemia (NH) prevention: The final objective has to do with the ap-

plication of the previously developed models. The aim is to conduct an in-silico study
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to test and compare prevention strategies for NH. To do so we use 1 year of data from
10 adult virtual subjects generated by a diabetes simulator. In this population there
is an average of 8% time below range (TBR) overnight, and the idea is to try different
prediction strategies, introduce 20 or 30 grams of rescue carbohydrate snacks (if needed)
as intervention and measure the results. We also present briefly the architecture of a

decision support system and the design of a real-world clinical trial.

1.3 Thesis Structure

Figure 1.1 shows a visual representation of the chapters in this thesis along with the recom-
mended flow. The reader is introduced to the motivation and the research objectives in Chapter
1, before moving to Chapter 2 for a brief on diabetes mellitus and the challenges of this condi-
tion. In the following, the fundamental notions of machine learning and a literature review for

blood glucose level prediction and nocturnal hypoglycaemia prediction are presented.

Chapter 1 Chapter 2

-
! l

Chapter 3 Chapter 4
Blood Glucose
Level Prediction Prediction of NH
Chapter 5 Chapter 6

Applications and
CT Design

Figure 1.1: Visual representation of the contents

Each of the following three chapters refers to one research objective as discussed above. Chapter

3 and 4 are standalone in a sense that the reader can choose in which order to read each of
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them. However, Chapter 4 is a prerequisite for Chapter 5. The reader needs to familiarize
themselves with the binary classification of nocturnal hypoglycaemia, in order to understand
the in-silico study and the prevention strategies in the form of bedtime carbohydrate snacks.
Finally, Chapter 6 briefly summarizes the key results and the achievements of this work, and

suggests opportunities for further research.

1.4 Thesis Contributions

An explicit list of the thesis contributions is presented below separately for each one of the

three technical chapters:

e Chapter 3: We demonstrate that LSTM models trained on the Ohio T1DM dataset (a
publicly available dataset containing continuous glucose monitoring (CGM) data from 12
adult outpatients over an 8-week period) can effectively predict blood glucose levels in
hospitalized patients. Notably, these inpatients include individuals with type 2 diabetes
(T2DM) as well as those without any history of diabetes. The hospitalized cohort consists
of patients who were admitted following a confirmed stroke, with an average hospital stay
of approximately three days. Our findings suggest that models trained on outpatient
data can generalize well to inpatient settings, despite differences in health conditions,

comorbidities, and care environments.

e Chapter 4: We propose a predictive model designed for nocturnal hypoglycaemia detec-
tion before bedtime, specifically targeting individuals with type 1 diabetes (T1DM) who
follow a multiple daily injection (MDI) insulin regimen. The model is built exclusively
on historical continuous glucose monitoring (CGM) data, eliminating the need for addi-
tional inputs such as insulin dosage, meal intake, or physical activity. This data-efficient
approach makes it particularly well-suited for seamless integration into existing CGM or
flash glucose monitoring systems without requiring external data sources. Furthermore,
the model has undergone external validation, demonstrating its robustness and ability to

generalize effectively to new populations. It also exhibits flexibility across different CGM
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sampling frequencies and maintains high predictive accuracy when tested on glucose mon-
itoring devices from various manufacturers. These characteristics enhance its practical
applicability, making it a reliable tool for real-world nocturnal hypoglycaemia prediction

and management.

Chapter 5: In an in-silico study aimed at preventing nocturnal hypoglycaemia (NH), we
compared the performance of our proposed predictive model against a simple heuristic al-
gorithm that detects NH based on a predefined glucose threshold. While both approaches
effectively reduced the time spent in the hypoglycaemic range (TBR), our model demon-
strated superior performance by achieving a significantly greater reduction in TBR. More-
over, unlike the heuristic method, our model not only minimized hypoglycaemia but also
led to an increase in the time in range (TIR), reflecting overall improved glucose control.
Importantly, this improvement was achieved without any increase in time above range
(TAR), meaning that our model did not elevate the risk of hyperglycaemia. This balance
between reducing hypoglycaemia and maintaining overall glycaemic stability is a crucial
clinical outcome, reinforcing the potential of our model for safe and effective nocturnal

hypoglycaemia prevention.



Chapter 2

Background

2.1 Diabetes Mellitus

Diabetes mellitus is a non-communicable disease, ranked by the World Health Organization
(WHO) as one of the top ten leading causes of death globally [16]. According to International
Diabetes Federation (IDF), approximately 537 million adults (20-79 years) are currently living
with diabetes in the world [17]. This is around 10.5% of the world’s adult population. Diabetes
is one of the fastest growing health challenges of the 21st century. The total number of people
with diabetes is expected to reach 643 million by 2030 and 783 million by 2045, a dramatic 46%
increase [17]. Diabetes is a growing global burden for individuals, families, and countries alike.
It is estimated that a staggering amount of 966 billion dollars (USD) was spent on diabetes in

2021, which is about 10% of the global health expenditure [17, 18].

Diabetes mellitus is a chronic and complex metabolic disorder, characterised by abnormal
glucose metabolism. It occurs when the pancreas is no longer able to produce insulin, or when
the body cannot make sufficient use of the insulin it produces, a phenomenon known as insulin
resistance. Insulin is a hormone which plays a central role to glucose homeostasis. It acts as
a key to let glucose originated from the food we eat, pass from the blood stream into the cells
in the body to produce energy. Not being able to produce insulin or use it effectively leads to

raised glucose levels in the blood (known as hyperglycaemia). In the short-term, high glucose

7
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levels cause dehydration, increased thirst and frequent urination. It is associated with fatigue,
weakness and blurred vision, and increase the risk of infections and acute complications such
as diabetic ketoacidosis. Over the long-term, high glucose levels are associated with damage
to the body and failure of various organs and tissues, such as the heart, blood vessels, eyes,

kidneys, nerves, teeth and gums.

Diabetes has a rich historical legacy dating back to ancient civilizations [19]. Greeks used the
term ‘Diabetes’ or ‘Siphon’, referencing the pronounced polyuria characteristic of the condition.
In India and Egypt individuals have experienced a sweet nature of urine, hence the Latin word
‘mellitus’. These historical notations signify the enduring prominence of diabetes as a significant

medical concern across millennia.

Diabetes mellitus manifests in various forms, with type 1 and type 2 diabetes being the most
recognized categories. Type 1 diabetes typically occurs early in life and results from autoim-
mune destruction of pancreatic [-cells, leading to an absolute deficit of insulin. In contrast,
type 2 diabetes, predominantly seen in adults, arises due to impaired insulin function, where
the cells do not react to insulin produced by the pancreas. Over 90% of people with diabetes
have type 2 diabetes, which is driven by socioeconomic, demographic, environmental and ge-
netic factors, such as urbanisation, the ageing population, decreasing levels of physical activity
and increasing overweight and obesity prevalence [17]. Beyond type 1 and type 2 diabetes, the
disorder encompasses an array of over 50 distinct variants. Among these, gestational diabetes,

a temporary hyperglycaemic state during pregnancy, is a notable example.

The majority of people with diabetes live in Middle East and North Africa, Southeast Asia
and the Western Pacific regions, in contrast with the lower levels observed in the African
and European regions. A staggering three-quarters of people with diabetes reside in low- and
middle-income countries, often with limited access to treatment [17, 20]. Notably, Europe
has witnessed a decline in diabetes prevalence compared to historical levels, which researchers
attribute to concerted efforts in lifestyle modification, fiscal policies such as tobacco taxation,

and reduced advertising of unhealthy foods.

Diabetes mellitus is one of the most pressing non-communicable diseases globally and remains
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a major medical challenge. An appreciation of its diverse forms, etiological factors, and the
pivotal role of insulin in glycemic regulation is important for designing therapeutic interven-
tions and evidence-based strategies. A multifaceted approach to prevention, management and

personalised medicine is essential in order to enhance people’s care and improve their quality

of life.

2.2 Challenges of Diabetes Management

Managing diabetes can be challenging due to the complex nature of the condition. It requires
a comprehensive approach that often involves a combination of medication, lifestyle changes,
support from healthcare professionals, and ongoing self-management and education. Finding
the right approach for each individual’s unique needs and preferences can be daunting as it is
not a one size fits all answer, due to the high inter-subject and intra-subject variability of the
disease. Below we discuss the major tasks that people with diabetes have to undergo in order
to manage their condition effectively. The primary focus is on type 1 diabetes management,

however many of these also apply to type 2 diabetes cases as well.

Despite active research, type 1 diabetes cannot be prevented and currently there is no cure for
it, so people rely on exogenous insulin for their survival. In order for people to maintain their
blood glucose levels within a safe range (70-180mg/dL or 3.9-10mmol/L) [21], blood glucose
monitoring is crucial. This often requires multiple daily fingerstick tests or continuous glucose
monitoring (CGM). CGM sensors are minimally-invasive medical devices which are attached to
the body and automatically measure subcutaneous glucose concentration converted into blood
glucose levels with a frequency ranging from 1 up to 15 minutes, depending on the device [22].
They have seen a great adoption the recent years as they have facilitated diabetes management
by moving away from the measurement of glycated hemoglobin (HbAlc) which has been the

traditional method for assessing glycemic control [23].

Knowing their current glucose levels, the majority of people with type 1 diabetes inject insulin

multiple times a day due to simplicity and cost effectiveness. In the UK and most European
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countries MDI is the recommended therapy for most of the patients. Most of the remaining
people (20% - 30% depending on the country) use insulin pumps which automatically infuse
insulin into their body [24]. Continuous subcutaneous insulin infusion (CSII) pumps can be
combined with CGM sensors as sensor-augmented therapy, or hybrid closed-loop systems [25,
26]. Hybrid closed-loop systems, also known as the artificial pancreas [27], even though they
are commercially available, they have not been adopted widely (around 5% or 10% of the T1D

population depending on the country), mainly due to economic and other human factors [28].

Balancing the timing, dosage, and potential side effects poses a daily challenge. Moreover,
it is crucial to sustain a nutritious diet that regulates carbohydrate intake, monitors portion
sizes, and controls calories consumption for effective diabetes management. Consistently mak-
ing healthy dietary decisions can be particularly challenging, especially in social or stressful
scenarios. Adding to the complexity, regular physical activity is essential for maintaining blood
glucose levels. Nevertheless, finding the time and motivation to engage in exercise can be quite

demanding.

In addition to modifying one’s diet and participating in physical activity, sustaining lasting
lifestyle adjustments plays a crucial role in diabetes management. This includes minimizing
alcohol intake, quitting smoking, and achieving weight loss. Other essential steps involve ac-
tively seeking diabetes education and ensuring access to affordable tools and testing supplies,

which may not be universally accessible, especially in areas with limited healthcare resources.

It is estimated that only 1 in 4 people achieve the recommended glycemic target [29]. Failing
to achieve the glycemic target leads to hypoglycaemia or hyperglycaemia which over time can
have microvascular complications, such as retinopathy, neuropathy, and nephropathy, alongside
macrovascular afflictions such as cardiovascular disease. These complications, if left untreated,
can culminate in blindness, cardiovascular events, neuropathic pain, kidney failure, and even

premature mortality [30].
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2.3 Fundamentals of Machine Learning

According to Arthur Samuel (1959), machine learning is defined as “the field of study that gives
computers the ability to learn without being explicitly programmed”. The two main categories
of machine learning are supervised and unsupervised machine learning. A brief introduction to

each of these categories is presented in the following sections.

2.3.1 Supervised Machine Learning

Supervised machine learning, often called supervised learning, involves algorithms that learn to
map inputs (x) to outputs (y). The defining feature of supervised learning is that the algorithm
is trained on examples that include both the input and the correct output, or label (y). By
repeatedly seeing correct pairs of inputs and their corresponding outputs, the algorithm learns
to predict the output based on the input alone, without needing to be provided with the correct
label during future predictions. So, once the model has learned from these input-output pairs
(x and y), it can then take a completely new input (x*) (never seen before) and attempt to

generate the corresponding output (y*).

There are two major types of supervised learning named regression and classification. Regres-
sion is a type of supervised learning that learns to predict numerical values from an infinite
range of possibilities. Classification on the other hand, predicts a limited set of possible out-
comes or categories, such as 0 or 1, rather than any numerical value from an infinite range.
Classification algorithms are designed to predict categories, which may be non-numeric as well

(e.g., identifying whether an image is of a cat or dog).

In the following chapters we present the development and validation of supervised Machine
Learning algorithms, as well as statistical models, both for regression and classification. Specif-
ically, for the task of blood glucose level prediction, we employ two very popular models for
time series prediction, the Auto-Regressive Integrated Moving Average (ARIMA) and Recur-
rent Neural Networks with Long Short Term Memory (RNN LSTM). As shown in the next

chapter, both models perform quite well especially for short-term predictive horizons, however
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LSTM repeatedly outperforms ARIMA. This is due to LSTM’s ability to handle non-linear
relationships in the data (as opposed to ARIMA models which work best for linear time series),
their ability to capture long-term dependencies using the memory cells and gates (more details
on that in the next chapter), and their adaptability in different data distributions (as opposed

to the ARIMA models which assume the time series are stationary).

The choice of an appropriate algorithm for any task depends heavily on the nature of the data
and the transformations required to address each research question. While all the datasets
used in the following chapters are time series (e.g., blood glucose levels over time, insulin units
administered, and carbohydrate intake at specific times), they are processed in different ways
depending on the task. For instance, in blood glucose level prediction, every data point in the
time series serves as a potential output, giving the opportunity to data-hungry models to learn

different patterns and relationships in order to make accurate predictions.

In contrast, nocturnal hypoglycemia prediction focuses on forecasting the overall trend of blood
glucose levels throughout the night, rather than individual data points. This fundamental
difference reshapes the data structure and significantly reduces its volume. As a result, in the
first case, the dataset remains large enough to train and validate deep learning models, such
as neural networks. However, in the latter case, the reduced dataset size makes traditional
machine learning algorithms, such as Random Forests and Support Vector Machines, which are

capable of learning patterns from smaller datasets, more suitable for the task.

2.3.2 Unsupervised Machine Learning

In supervised learning, the data includes both input values (x) and output labels (y). In
contrast, unsupervised learning involves data that contains only input values (x) without any
output labels (y), requiring the algorithm to discover structures or interesting features within
the data. It is termed "unsupervised” because we do not guide the algorithm by supplying
correct answers for each input. Instead, we allow the algorithm to explore the data indepen-
dently to identify interesting patterns. For instance, an unsupervised learning algorithm may

determine that the data can be divided into two or more distinct groups or clusters. Other
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applications of unsupervised learning include anomaly detection, which is the identification of
rare and unusual events; or dimensionality reduction, which allows us to reduce the size of a

dataset without losing any important information.

2.4 Review of Blood Glucose Level Prediction

One of the fundamental tasks that people with diabetes have to undergo is to keep their
glucose levels within the recommended euglycaemic range and avoid undesired events such as
hypoglycaemia and hyperglycaemia. Having a good estimate of the future glucose values is
crucial for taking the necessary actions to prevent these events. Hence, blood glucose level
prediction is a research area which has attracted a lot of interest during the recent years. This
has been enormously facilitated by the extensive CGM usage and the vast amount of data

generated by these devices.

One of the earliest studies in the field is the work conducted by Sparacino et al [31]. Having as a
main goal to prevent hypoglycaemic and hyperglycaemic events, they showed that glucose levels
can be predicted for a short-term prediction horizon of up to 30 minutes. They used simple
regression methods such as polynomial regression and autoregressive (AR) models based on
historical blood glucose levels, and did not include information about insulin and carbohydrate

intake, mainly due to the lack of data availability.

Later studies introduced physiological models [32] and more complex machine learning models
[33, 34], as well as a combination of both [35], to predict future blood glucose levels. They also
started including features related to insulin, meals and physical activity [36, 37] in an attempt
to improve models performance. On the one hand, some researchers have reported an increase
in models’ performance, while others claim that these data points often add noise to the models

mainly due to human error and scarcity of information [38, 39].

Due to the massive success of deep learning in various fields, artificial neural networks are
another class of very powerful methods that has attracted a lot of attention in the field of

blood glucose levels prediction [40]. In one of the first studies, Mougiakakou et al [41] used
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compartmental models to extract features related to glucose, insulin and meal information and
fed them into feed-forward and recurrent neural networks. Even though the model performed
well for glucose values greater than 70 mg/dL, it underperformed below the target range. The

authors attributed this to the lack of training examples.

In more recent studies various architectures of neural networks have been tested aiming to
make accurate predictions of future blood glucose levels [40]. A noteworthy example is GluNet,
a dilated convolutional neural network (CNN) trained on historical glucose measurements,
insulin doses, carbohydrate intake and other important factors [42]. The authors reported an
RMSE value of 19.28 mg/dL for 30 minutes prediction horizon and 31.83 mg/dL for 60 minutes
prediction horizon when tested in two clinical datasets. They also showed that the model
outperforms more traditional methods such as support vector regression (SVR), latent variable

with exogenous input (LVX) and auto regression with exogenous inputs (ARX).

Other studies have also attempted a contrast between different models [43, 44, 45, 46, 47].
Despite the fact that a comparison among them is not fair, since most works have used dif-
ferent clinical datasets for model development and evaluation, a common denominator is the
dominance of the recurrent neural networks (RNN) with long short-term memory (LSTM) ar-
chitecture. Their adaptability to varying sequence lengths, flexibility in handling different time
series characteristics, and ability to learn temporal patterns contribute to their success in many

applications involving sequential data.

Ref Model RMSE (30mins) | RMSE (60mins)
J. Chen et al 48] DRNN 19.04mg/dL -
J. Martinsson et al [49] LSTM 18.86mg/dL 31.40mg/dL
T. Yang et al [50] MS-LSTM 19.04mg/dL 32.02mg/dL
C. Midroni et al [51] LSTM (and XGBoost) 23.48mg/dL -
R. Bevan et al [52] LSTM 18.23mg/dL 31.10mg/dL
M. Mayo et al [53] DNN with 12 LSTM units | 19.80mg/dL 34.00mg/dL
G. Cappon et al [54] bidirectional LSTM 20.20mg/dL 34.19mg/dL

Table 2.1: Summary of Previous Studies from the KDD BGLP Challenge using variations of
LSTM models along with performance in 30 and 60 minutes prediction horizon.

The outstanding performance of LSTM models has also been observed in two blood glucose level

prediction challenges organised as part of the International Workshop on Knowledge Discovery
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in Healthcare Data (KDD) in 2018 and 2020 [55, 56]. In both challenges participants were
given the OhioT1DM dataset [57] containing data from 12 participants (6 each year) and were
asked to develop and test their models in the predefined training and testing sets respectively.
The final evaluation was performed based on the root mean square error (RMSE) for the 30
minutes and 60 minutes prediction horizon. Some of the top performing models were LSTMs
or variations of those [48, 58, 49, 50, 51, 52, 53, 54]. The performance of these models in the

30 and 60 minutes prediction horizon is summarized in Table 2.1.

Last but not least a recent study by Herrero et al [15] showcased the Accu-Chek SmartGuide
Predict App (Roche Holding AG, Basel, Switzerland). Among other functionalities this in-
novative digital companion app offers a 2 hours real-time glucose level prediction along with
uncertainty estimates aiming to empower users to better manage their diabetes. The model
used is a gated recurrent unit (GRU) based neural network, which is also an RNN with similar
but less complex architecture than the LSTM’s. Using features from CGM data, insulin, meals
and the time of the day they evaluated the model in different datasets achieving a remarkable
average of 96.3% of data points in zones A and B of the Consensus Error Grid (accurate or
clinically acceptable results). Their results were even better for shorter prediction horizons of

30, 60, and 90 minutes with 99.8%, 99.3%, and 98.7% respectively.

2.5 Review of Nocturnal Hypoglycaemia Prediction

One of the most common approaches for insulin administration, necessary for diabetes man-
agement, is multiple daily injections (MDI). Within this framework, a substantial hurdle arises
in the form of hypoglycaemia [23], a condition defined by blood glucose levels dropping below
the threshold of 70 mg/dL. Notably, individuals with type 1 diabetes (T1D) often encounter
hypoglycemic episodes during the nocturnal period [59], despite the availability of sophisticated
sensing technologies [60] designed to detect such adverse events. This phenomenon, referred
to as nocturnal hypoglycemia (NH), poses a considerable challenge [61] as awareness of hypo-

glycaemia is significantly diminished during sleep, and prolonged exposure to NH may lead to
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impaired awareness, and even to the ‘dead-in-bed’ syndrome.

The widespread integration of continuous glucose monitors (CGMs) has given rise to extensive
datasets, presenting an opportunity for the application of supervised machine learning (ML)
algorithms in predicting adverse events before they occur. While prior research predominantly
focused on short-term NH prediction [62, 63, 64], a notable gap exists in literature proposing
models for forecasting NH over more extended periods, such as during the night time. A

summary of such studies is presented in Table 2.2.

Ref Population Nights Algorithms ROC-AUC
Vu et al [65] >10,000 | >1,000,000 RF 84%
Jensen et al [66] 463 - LDA 79%
Bertachi et al [67] 10 84 MLP,SVM >70%
Giiemes et al [68] 6 - RF,NN,SVM,ETC 70%
Mosquera-Lopez et al [69] 124 23,000 SVR 7%
Afentakis et al [70] 37 6,000 RF,SVM 79%
Herrero et al [15] 221 >13,000 XGBoost 86%

Table 2.2: Summary of Previous Studies on Nocturnal Hypoglycaemia Prediction.

In a noteworthy study, Vu et al [65] harnessed a substantial dataset comprising of 10,000 CGM
users and spanning over a million nights to construct a Random Forest (RF) binary classifier,
demonstrating efficacy in predicting NH occurrences with a commendable ROC-AUC score
of 84%. Similarly, Jensen et al [66] delved into a clinical trial dataset involving 463 people
with T1D to predict level-2 NH (<54 mg/dL). Their methodology involved extracting features
from both daytime and the three consecutive days leading up to the night, training a linear

discriminant function algorithm that achieved a noteworthy 79% ROC-AUC score at midnight.

Taking an individualized approach, Bertachi et al [67] developed prediction models tailored
to detect over 70% of NH events in T1D individuals. Their algorithms, trained on a 12-week
clinical study involving 10 participants, incorporated a rich set of 29 features derived from CGM
signals, insulin dosages, meal intake data, and activity tracking. The support vector machine
(SVM) algorithm emerged as the superior performer over the multilayer perceptron (MLP) in

this specific population.

Giiemes et al [68] proposed a method grounded in binary classifiers to predict the quality of
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overnight glycemic control in individuals with T1D. Leveraging publicly available clinical data
[57], they trained multiple ML models aimed at predicting nocturnal hypoglycaemia or hy-
perglycaemia, alongside quantifying the percentage of time spent within the optimal glycemic
range (%TIR). Their comprehensive approach resulted in an overall ROC-AUC score of ap-

proximately 70%.

Drawing insights from a vast dataset of 124 individuals with T1D, Mosquera-Lopez et al [69]
employed glucose, insulin, and meal information to craft a support vector regression (SVR)
model. Through in silico testing, their results indicated a remarkable 77% reduction in NH

events without compromising the time spent within the target glycemic range (TIR).

All the aforementioned studies are centered on people utilizing CGMs for glucose monitoring,
and pumps for insulin infusion. Only in one study [67] focuses on participants on MDI therapy
which is the most vulnerable population for NH. Additionally, external validation is only applied

to the work of Mosquera Lopez et al [69] were two external datasets are utilised.

The two issues above are addressed in the study conducted by Afentakis et al [70]. The authors
explored an open-source framework for feature extraction from time series data, and used it
for blood glucose time series. By employing two distinct datasets from individuals utilizing
both CGMs and MDI, the objective is to develop and externally validate ML models, ensuring
robust generalization as well as applicability across sensors from diverse manufacturers. The
proposed model achieves a ROC-AUC score of more than 79% and holds significant promise
as a comprehensive bedtime decision support tool for individuals managing T1D, effectively

minimizing the risk of nocturnal hypoglycemia.

Another study which addresses the lack of external validation as well as targeting the population
with a MDI insulin regimen, is the work by Herrero et al [15]. As mentioned in the previous
section, the authors present the Accu-Chek SmartGuide Predict App (Roche Holding AG,
Basel, Switzerland) which also includes a night low predict functionality. The model predicts
the risk of NH for the first (0-3.5 hours) and the second half (3.5-7 hours) of the night offering
an estimate of the approximate time, along with recommendations for intervention. The model

used is an XGBoost classifier developed in a dataset comprising 221 adults with T1D on MDI
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therapy and externally validated in two other datasets including people with type 1 and type
2 diabetes. An outstanding performance of 85.9% (ROC AUC) was achieved. Even though a
fair comparison between the studies is not possible, this is the highest ROC AUC score ever

reported in the literature, in the task of NH prediction.

2.6 Review of Decision Support Systems in Diabetes

Management

Over the last few years, the growing popularity of mobile health applications, combined with
major advancements in smartphone technology, has resulted in a sharp increase in diabetes-
related apps across i0S and Android marketplaces [71]. Despite the growing number of decision
support apps for diabetes management, only a limited few have undergone clinical trials. Some
incorporate basic algorithms to assist with bolus insulin calculations, easing the demands of
intensive diabetes management. However, most function primarily as simple electronic diaries or
data visualization tools, often lacking integration with wearable or medical devices, or broader
diabetes management systems. A handful of apps leverage image processing technology to
enhance carbohydrate estimation accuracy and improve postprandial blood glucose control
[72].A recent review highlights that while smartphone apps offer various advantages for diabetes
management, their design and features should be more tailored to the needs of individuals with
type 1 diabetes. Enhancing usability and functionality could lead to better clinical outcomes

and an improved quality of life [73].

The Internet of Things (IoT) has revolutionized blood glucose monitoring and glycemic control,
enhancing diabetes management through seamless integration of wearable devices [74, 75]. Ad-
vanced artificial pancreas (AP) systems now interconnect continuous glucose monitors (CGMs),
insulin pumps, smart insulin pens, glucagon pumps, and physiological wristbands to track vital
signals with greater accuracy and efficiency. Herrero et al. [76], introduced the Bio-inspired
Artificial Pancreas, featuring a customized handheld device designed to run glycemic control

algorithms on a microcontroller. This device communicates via Bluetooth with a continuous
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glucose monitor (CGM), an insulin pump, and a dedicated smartphone application, which
also offers cloud-based remote monitoring. The system’s effectiveness was assessed using the

UVA /Padova T1D simulator and subsequently validated through a clinical trial [77].

Last but not least, Accu-Chek SmartGuide Predict app [15], a very promising digital companion
for people with T1DM offers three predictive functionalities to its users. Forecasting of future
blood glucose levels over a two hours prediction horizon, a 30 minutes hypoglycaemia detection,
as well as nocturnal hypoglycaemia prediction aiming to be used for bedtime interventions.
Although the system has demonstrated state-of-the-art performance, a clinical trial has yet to

be conducted.

2.7 Conclusion

In the beginning of this chapter, the epidemiology of diabetes mellitus was discussed along
with the challenges that people with diabetes face in their daily lives. Later on, a literature
review of blood glucose level prediction (BGLP) algorithms was presented, with a specific
focus on two BGLP challenges based on a clinical dataset of outpatients. The outstanding
performance of LSTMs was highlighted as one of the top performing algorithms for this task.
In the following, a review of the previous work on nocturnal hypoglycaemia prediction was
discussed, noting the significant gap in the literature, as opposed to short term hypoglycaemia
or hyperglycaemia detection. A summary of the previous studies was also presented in a table
along with some characteristics including the population volume, the algorithms used and the

models’ performance.
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Blood Glucose Level Prediction

3.1 Introduction

The topic of this chapter lies in the area of models development for future blood glucose levels
prediction. This is a heavily researched area where lots of different approaches have been
tried and tested in various datasets. Our primary goal in this chapter is not to compare the
performance of multiple models, or propose a superior algorithm over the state-of-the-art. On
the contrary, we use some of the best performing models from the literature, such as recurrent
neural networks [78] with long short-term memory (LSTM) [79, 80], as well as autoregressive
integrated moving average (ARIMA) [81] models (which are statistical models very effective

for time series analysis), in order to test some clinical research hypotheses.

The vast majority of the previous work has been focused on outpatient populations mainly
due to the limited availability of glucose data for hospitalised patients. However, in more
recent years CGM usage has been adopted in many clinical scenarios and in hospital settings
[82, 83, 84], especially during the COVID-19 pandemic [85, 86]. It has also been used by
individuals without diabetes [87] in order to support dietary strategies and improve metabolic

complications [88].

The research hypothesis we aim to answer is whether or not blood glucose level prediction

20



3.2. Data 21

models, trained and tested in outpatients with T1DM, can be used to make predictions about
future blood glucose levels of inpatients with T2DM or without diabetes at all. The rationale
behind this hypothesis is that these models have shown great performance when the CGM signal
is relatively smooth without abrupt changes and fluctuations. Since people without diabetes at
all, or those with T2DM, are expected to have much better glucose regulation, as opposed to
people with T1DM, we assume that the aforementioned models will be able to generalize well

in this new unseen population.

In this chapter we present some evidence that we can predict future blood glucose levels of
those in the hospital bed. Around one in four people in hospitals have diabetes, and proactive
prevention of extremes of glucose is incredibly important for mortality, morbidity, cost and
resource utilisation. For this reason we apply models used in outpatient populations, to a
proprietary clinical dataset of inpatients (Imperial College London, London, UK), and show
that these models can be very effective in estimating future blood glucose values. Additionally,
we evaluate these models in people with and without diabetes and show that their performance

does not deteriorate in neither of the two population groups.

Most of the previous studies on blood glucose level prediction has been focused on short-term
(up to 1 hour) prediction horizon [40]. In this work, we extend the usual short-term predictive

horizon by generating predictions for 90 minutes and 120 minutes into the future.

3.2 Data

3.2.1 OhioT1DM dataset

The first dataset used in this work is the OhioT1DM dataset which is a publicly available dataset
first released in 2018 and updated in 2020 [57]. The dataset contains data from 12 adults with
T1D over a period of eight weeks. Each participant in the study utilized a Medtronic Enlite
Continuous Glucose Monitoring (CGM) system paired with either a Medtronic 530G or 630G

insulin pump. The participants recorded their daily events using a dedicated smartphone
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application. Additionally, a subset of individuals opted to wear either Basis Peak or Empatica
Embrace bands to gather comprehensive vital signs data. The collected data has been split into
training and testing sets, with the training set encompassing around 80% of the total samples
and the testing set the remaining 20%. In this work we have kept this suggested division which

ensures a robust evaluation of the models performance.

3.2.2 GVAS dataset

The second dataset (GVAS) originates from a previous observational study that sought to
compare the mean absolute glucose (MAG) change within the initial 72 hours post a confirmed
stroke in two distinct groups: individuals with and without diabetes [89]. The study encom-
passed 67 adult participants with clinically suspected ischemic stroke symptoms within a 12-
hour window. Inclusion criteria considered known diabetes, HbAlc greater than 42, or absence
of known diabetes. Exclusion criteria comprised hemorrhagic stroke, pregnancy, premorbid
MRS greater than 2, age exceeding 80 years, and terminal conditions with a life expectancy
of less than a year. The primary metric, MAG change, was assessed without any interven-
tion. The study aimed to shed light on glucose dynamics during the early stages of stroke and
potential variations between stroke patients with and without diabetes. The results indicated
a correlation between glycemic variability and a decline in functional status upon discharge
post-acute stroke. Data from patients with less than 20 hours of information were excluded,
and any missing or duplicated records were eliminated, resulting in 45 subjects for analysis.
The reason we chose not to impute any missing values but rather to keep only the existing data
points is because we did not want to introduce external noise, since the volume of the available

data was significant for the validation (less than 5% of missing glucose values).

In Table 3.1 we can see an overview of the demographics and clinical characteristics of the
populations of the two datasets used in this work. Apart from the age, gender, insulin regi-
men and mean value of glucose levels of participants, the most common clinical CGM metrics
have been calculated as recommended by the international consensus for applications in clin-

ical diabetes care [21]. These include glucose management indicator (GMI) [90], time below
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range (TBR), time in range (TIR), time above range (TAR), blood glucose index, and coeffi-

cient of variation (CV). The recently proposed GMI is a valuable alternative to the traditional

laboratory-measured HbAlc, when CGM data are available.

Characteristics OhioT1DM GVAS
Age (years) 50 £+ 10 74+ 12
Gender (male/female) 7/5 27/18
Insulin regimen (CSII/MDI) 12/0 N/A
Mean glucose level (mg/dL) | 162.3 £ 20.0 | 140.3 £ 48.2
GMI (%) 72405 | 67+£12
eAlc (mg/dL) 1314+ 126 | 117.0 + 30.6
TBR (<54 mg/dL) (%) 04+04 | 12438
TBR (54-69 mg/dL) (%) 23+£20 | 25+£10.5
TIR (70-180 mg/dL) (%) | 62.9+13.2 | 80.6+ 28.5
TAR (181-250 mg/dL) (%) | 25.7+8.0 | 10.2415.0
TAR (>250 mg/dL) (%) | 88485 | 554182
Low blood glucose index 0.7£0.4 1.0+2.3
High blood glucose index 74+£3.3 4.44+8.0
Inter-day CV (%) 34.3 £4.6 18.84+6.9
Intra-day CV (%) 29.2+4.5 16.0 £ 6.9

Table 3.1: Demographic and clinical characteristics (Mean £+ SD) of the subjects in the two

clinical datasets.

3.3 Algorithms and Model Development

In a regression model, the target value ¥, at a given time ¢ is predicted based on the features

(independent variables) at that specific time ¢, independently of the values of y at other time

points. The foundational statistical assumption in regression is that y; can be expressed as the

sum of a deterministic component and a stochastic error term. The stochastic terms are assumed

to be independently added to the deterministic term for each y,. However, this assumption is

not suitable for time series data, where the value of y; may be influenced by previous values

such as y;_1, Yi—2, yi—3 etc.
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3.3.1 ARIMA(p,d,q)

ARIMA models, also known as Box-Jenkins models [91], are a class of models aimed at ex-
pressing 1; as a function of preceding y values and error terms, often involving differencing.
An ARIMA(p,d,q) model is comprised of an Autoregressive (AR) component with order p
(AR(p)), linking y; to the last p y values, a Moving Average (MA) component with order g
(M A(q)), connecting y; to the previous ¢ error terms, and an Integrated (I) component with
order d (I(d)), representing d steps of differencing. Differencing is employed to make the time
series stationary, as the other two components perform more effectively on a stationary time

series. When combined, these three components define v, as:

:&t - ¢1yt—1 + ¢2yt_2 + ...+ de—l—pyt—d—p + 91675_1 + ‘92€t—2 —+ ...+ qut_q + 12 (31)

The hyper-parameters p, ¢, and d are commonly manually chosen by inspecting the data or
experimenting with various values. This experimentation often involves a grid search over a
set of predefined values. In this work in order to set the hyper-parameters p, ¢, and d, a
cross validation in the training set of the OhioT1DM dataset was performed over the sets
P ={1,2,..,6}, D = {0,1,...,6} and @ = {0,1,...,6}. Alternative tools are the Partial
Autocorrelation Function (PACF) and Autocorrelation Function (ACF) which can assist in

selecting the AR and MA components.

Once the hyper-parameters are chosen, the model must acquire knowledge from the data to
determine its parameters (¢1, @2, ...044p, 01, 02, ...0,). Once these parameters are learned, fore-
casting future values beyond time 7' involves the application of Equation 3.1. Specifically,
starting with y1, 9o, ...yr we can compute yry; using the equation, then proceed to compute
yr12 based on the obtained result, and so forth. It’s important to note that as the prediction
horizon T' extends, the accuracy of our predictions may deteriorate, as forecasting yr.; relies

on previously predicted values from y7,1 to yryn_1, rather than the actual values.
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3.3.2 RNN LSTM

As mentioned in Section 2.4, one category of models which has achieved state-of the-art per-
formance in blood glucose level prediction is the recurrent neural networks (RNN) with long
short-term memory (LSTM) architecture [92, 93]. LSTMs address the vanishing gradient prob-
lem and are able to capture long-term dependencies in the data. An LSTM is actually an RNN
which introduces a memory cell structure, including an input gate, a forget gate and an output
gate, which control what information enters and exits the memory cell. An illustration of an

LSTM memory cell is shown in Figure 3.1.
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Figure 3.1: Tlustration of an LSTM cell.

An LSTM not only can add or remove information from the cell state, but also can keep it
unchanged from one time step to the other. Specifically, the forget gate is responsible for
controlling which parts of the internal memory will be kept or not. The input gate selects the
parts of the input that will be stored in the internal memory and the output gate determines
those that will be passed on to the next neurons. Each of the three gates take values in the

range [0, 1], with zero and one representing closed and open gates respectively.
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The following operations are applied at each step of the sequence in order to compute the new
internal memory c; and the cell output h;. In the below x; is the input to the memory cell at
time ¢t and W;, Wy, W,, W, as well as U;, Uy, U,, U, are weight matrices for input and hidden

state. Finally, b;, bs, b,, b, are bias vectors.

i, = o (Wix, + Uhy_1 +by) (3.2)

f, = c(Wyx, + Ushy_1 + by) (3.3)
o, = o(Wox¢ + Ushy_1 + b,) (3.4)
w, = tanh(Wyxy + U,hy_1 + by,) (3.5)
co=ikuy + %oy (3.6)

h; = o; * tanh(c;) (3.7)

The model takes as input a sequence of glucose data, provided by the CGM sensor [49]. The
concluding LSTM cell in the sequence produces an output vector, which is then fed into a fully
connected neural network featuring two hidden dense layers and a single output layer. The
hidden layers encompass 512 and 256 neurons, with rectified linear activations, and dropout
rates of 20% and 30%, respectively. These dropout layers are introduced to avoid overfitting

the training data.

The output layer is composed of two neurons, one with a linear activation and the other with
an exponential activation. The linear activation is used for the mean and the exponential for
the standard deviation of a univariate Gaussian distribution as shown in equations 3.8 and 3.9,
where hy. is the output of the last hidden layer. This way the output contains a confidence of

the prediction for the glucose value after time 7, where T' € {30, 60,90, 120} minutes.

n= Wlhfc + b, (38)

o = exp(Wshy. + bs) (3.9)
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As loss function, the negative log-likelihood (NLL) function has been used, derived from the

Gaussian distribution as shown in equation 3.10

L= 13" ~log(Niulp. o) (3.10)

1—0

Both the individual and population LSTM and ARIMA models presented in the next section
were trained and fine-tuned in the training set of the OhioT1DM dataset, and tested in the
OhioT1DM testing set. Later, and the two population models (ARIMA(2,0,0) and LSTM) are
tested in the GVAS dataset without further retraining. A visual representation of how the
different datasets were used for the training and testing of different models is shown in Figure

A.1 in the Appendix.

3.4 Results and Discussion

In Tables 3.2, 3.3, 3.4 and 3.5, we present the performance of the personalised ARIMA and
LSTM models on the testing set of each one of the participants of the OhioT1DM dataset.
The primary evaluation metric used is the root mean square error (RMSE). This is due to
its widespread use in the literature [40] and its direct representation of prediction accuracy.
The tables below contain results for the different prediction horizons, namely 30, 60, 90 and
120 minutes respectively. On average, between the two personalised models, LSTM consistently
outperforms ARIMA with 19.48, 33.39, 45.41 and 49.40 mg/dL of the the former, compared with
26.58, 48.04, 59.90 and 80.29 mg/dL of the latter, for 30, 60, 90 and 120 minutes respectively.
It is worth mentioning that the lowest RMSE value achieved among participants for the 30
minutes prediction is 16.15 mg/dL and 27.97 mg/dL for the 60 minutes prediction. In both
cases results refer to participant 570, something that has been observed in other studies as well

[49] and has to do with the intra-subject variability of glucose levels.

In Figure 3.2 we can see the performance of the population models (ARIMA and LSTM) on

the same testing sets of the OhioT1DM dataset for all the 12 subjects and for all the different
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OhioT1DM ARIMA LSTM
Participant id || orders (p,d,q) | RMSE (mg/dL) | RMSE (mg/dL)

259 3,2,0 26.76 19.94
263 2,0,0 23.49 18.44
570 40,4 24.05 16.15
575 5,04 22.63 92.66
588 1,0,3 26.73 19.01
591 2.0,4 30.51 21.91
240 2,0,0 30.19 21.36
544 40,3 24.34 17.36
552 4,14 23.26 16.46
567 3,2,0 30.61 20.9
o84 2,0,0 28.67 22.11
296 2,0,0 27.78 17.46

Table 3.2: Personalised models performance with 30 minutes prediction horizon.

OhioT1DM ARIMA LSTM
Participant id || orders (p,d,q) | RMSE (mg/dL) || RMSE (mg/dL)

559 3,2,0 47.60 34.53
563 2,0,0 50.97 30.96
270 4,04 65.67 27.97
575 5,0,4 41.62 37.48
588 1,0,3 44.23 31.25
291 2,04 42.66 33.85
240 2,0,0 49.61 41.3
044 4,0,3 47.01 30.62
552 414 44.7 30.06
567 32,0 56.42 36.23
o84 2,0,0 45.54 36.99
296 2,0,0 40.47 29.38

Table 3.3: Personalised models performance with 60 minutes prediction horizon.

prediction horizons. The black horizontal line of each boxplot indicates the median value of
RMSE, whereas the lower and upper hinges represent the first (Q1) and third (Q3) quartiles
respectively. Whiskers extend further to cover up to 1.5 times the interquartile range and

observations out of this range are considered to be outliers.

Similar to the personalised models, in population models the LSTM outperforms the ARIMA
model. However both models show little variability in the RMSE values for the 30 and 60
minutes prediction horizon. It is for the longer prediction horizons of 90 and 120 minutes

where the predictions of the ARIMA model become more dispersed, which is also accompanied
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OhioT1DM ARIMA LSTM
Participant id || orders (p,d,q) | RMSE (mg/dL) | RMSE (mg/dL)
259 3,2,0 60.74 46.76
263 2,0,0 78.46 41.26
570 4,04 60.89 35.4
975 5,0,4 50.09 46.33
588 1,0,3 57.8 39.66
591 2.0,4 51.11 42.84
240 2,0,0 66.06 84.34
044 4,0,3 58.81 39.78
552 4,14 59.38 37.86
567 3,2,0 71.09 45.35
584 2,0,0 52.63 47.13
296 2,0,0 51.72 38.16

Table 3.4: Personalised models performance with 90 minutes prediction horizon.

OhioT1DM ARIMA LSTM
Participant id || orders (p,d,q) | RMSE (mg/dL) || RMSE (mg/dL)
559 3,2,0 73.39 95.75
563 2,0,0 105.95 47.93
570 404 74.18 41.59
575 5,0,4 73.99 52.72
588 1,03 68.30 44.12
291 2,04 58.14 44.78
240 2,0,0 85.69 65.17
544 40,3 95.41 46.51
552 4,14 97.43 43.85
567 3,2,0 110.09 50.96
o84 2,0,0 60.25 04.71
296 2,0,0 60.63 44.775

Table 3.5: Personalised models performance with 120 minutes prediction horizon.

with a skewed distribution of the error values.

In Figure 3.3 we show the performance of the two population models (ARIMA and LSTM)
on the testing sets of the participants of the GVAS study. We can see that across all the
different prediction horizons both models perform quite well when comparing the results with
the OhioT1DM population models (Figure 3.2) as well as other similar studies of the Blood
Glucose Level Prediction Challenge [57]. This can be further observed in Figures 3.4, 3.5,
3.6, and 3.7, with the 24-hour trajectories of glucose predictions over the different prediction

horizons. The red line represents actual CGM measurements for a total of 288 data points (24
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Figure 3.2: Blood glucose prediction performance of LSTM and ARIMA models on the 12 subjects of the
OhioT1DM testing set. The lower and upper hinges of each boxplot represent the first (Q1) and third quartiles
(Q3), respectively. The median is indicated by the central lines, and the whiskers extend to cover 1.5 times the
interquartile range.

hours). The yellow line corresponds to the ARIMA predictions and the blue line along with the
the light-blue shaded area, to the mean and standard deviation of predictions generated by the
LSTM model. The area between the black dotted lines represent the recommended glycaemic

range. Above and below are the hyperglycaemic and hypoglycaemic zones.

Additionally, as it can be observed in Figures 3.4, 3.5, 3.6, and 3.7 there is a time lag between the
actual CGM signal and the predictions, which become more obvious for the longer prediction
horizons. In Table 3.6 we have quantified this Prediction Time Delay (PTD) in minutes for

both ARIMA and LSTM and for each one of the four prediction horizons.

Table 3.6: Prediction Time Delay in minutes between original CGM signal and predictions

Prediction Time Delay (PTD) in minutes

30 mins | 60 mins | 90 mins | 120 mins
ARIMA 10.8 18.9 25.2 35.1
LSTM 8.6 16.0 19.6 27.0

from ARIMA and LSTM models for different prediction horizons
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Figure 3.3: Blood glucose prediction performance of LSTM and ARIMA models on the subjects of the GVAS
testing set. The lower and upper hinges of each boxplot represent the first (Q1) and third quartiles (Q3),
respectively. The median is indicated by the central lines, and the whiskers extend to cover 1.5 times the
interquartile range.

In this work we used the OhioT1DM dataset as a benchmark for models performance, however
a head-to-head comparison between different populations is not appropriate due to the differ-
ences among the population characteristics (as illustrated in Table 3.1). Additionally, GVAS
dataset contains people without diabetes whose glycaemic variability is lower that the diabetic

population. For this reason we separately evaluate the performance of the LSTM model for the

subjects with and without diabetes as shown in Figure 3.8.

As expected the RMSE values for the diabetic population show higher variability especially in
the longer prediction horizons (90 minutes and 120 minutes) comparing with the non-diabetic
one, whose variability remains at the same levels for all four prediction horizons. It is worth
noting here the effectiveness of the LSTM model to predict future blood glucose values in a
non-diabetic population. This is an interesting insight which has not been discussed in many

other studies before.

To further quantify the risk of using predicted values of blood glucose we conducted Clark error
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Figure 3.4: 24-hour trajectories of glucose predictions over the 30 minutes prediction horizon. The red line
represents actual CGM measurements (288 data points in total), while the yellow and blue lines correspond
to the ARIMA and LSTM predictions respectively. The area between the black dotted lines represent the
recommended glycaemic range. Above and below are the hyperglycaemic and hypoglycaemic zones.
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Figure 3.5: 24-hour trajectories of glucose predictions over the 60 minutes prediction horizon. The red line
represents actual CGM measurements (288 data points in total), while the yellow and blue lines correspond
to the ARIMA and LSTM predictions respectively. The area between the black dotted lines represent the
recommended glycaemic range. Above and below are the hyperglycaemic and hypoglycaemic zones.
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Figure 3.6: 24-hour trajectories of glucose predictions over the 90 minutes prediction horizon. The red line
represents actual CGM measurements (288 data points in total), while the yellow and blue lines correspond
to the ARIMA and LSTM predictions respectively. The area between the black dotted lines represent the
recommended glycaemic range. Above and below are the hyperglycaemic and hypoglycaemic zones.
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Figure 3.7: 24-hour trajectories of glucose predictions over the 120 minutes prediction horizon. The red line
represents actual CGM measurements (288 data points in total), while the yellow and blue lines correspond
to the ARIMA and LSTM predictions respectively. The area between the black dotted lines represent the
recommended glycaemic range. Above and below are the hyperglycaemic and hypoglycaemic zones.
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Figure 3.8: Blood glucose prediction performance of the LSTM model on the subjects of the GVAS testing set
with diabetes (DM) and without diabetes (no-DM). The lower and upper hinges of each boxplot represent the
first (Q1) and third quartiles (Q3), respectively. The median is indicated by the central lines, and the whiskers
extend to cover 1.5 times the interquartile range.

grid (CEG) analysis [94, 95, 96] on the GVAS dataset, separating the results between diabetic
and non-diabetic patients as shown in Fig. 3.9. CEG analysis, a technique initially for glucose
management of diabetic patients, is performed by comparing the CGM values (x-axis) with
the estimates (y-axis) derived from the model. As can be observed, the majority of the pair
dots for both populations lies between the A and B areas. Specifically, more than 99% of the
observations of the diabetic population, and 98% for the non-diabetic population are within

CEG zones A and B, signifying that models predictions are accurate or acceptable.

However, an interesting and unexpected observation here is the fact that the non-DM group had
twice as much data points in zone D, as opposed to the DM group. This is potentially associated
with the hypoglycaemic episodes that people without diabetes seem to have experienced due to
stroke. In fact as can be seen in Table 3.1, the percentage of Time Below Range (TBR) for type
2 hypoglycemia (BG levels below 54 mg/dL) is higher in the GVAS dataset, averaging 1.2%

compared to 0.4% in the OhioT1DM dataset. This scarcity of hypoglycemic training examples
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may limit our model’s ability to make accurate predictions below 54 mg/dL and could also be

the reason of the increased percentage of observed-predicted pairs in zone D in Figure 3.9b.
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Figure 3.9: Clark error grid (CEG) analysis on the GVAS dataset, showing the comparison
between CGM measurements (x-axis) and glucose prediction values (y-axis) for (a) people with
diabetes (DM) and (b) people without diabetes (no-DM).

It’s crucial to highlight that, in contrast with numerous existing studies focusing on personalized
glucose prediction [40], our approach diverged by excluding meal and insulin (basal or bolus)
data from the model input. These data points are prone to noise and increased variability
due to inaccurate carbohydrate counting or missing values [38]. Specifically, including these
features in the model has led to an increase in the mean RMSE value associated with a larger

number of outliers [39].

Choosing to use solely Continuous Glucose Monitoring (CGM) data offers several key advan-
tages. Firstly, it opens up the possibility of embedding the model directly into CGM transmit-
ters, enabling on-device decision support through edge computing [97]. Secondly, it streamlines
prediction processes by eliminating the necessity for manual input, thereby avoiding artifacts
and facilitating the implementation of automated closed-loop artificial pancreas systems. Lastly,
the proposed method proves versatile across a broader spectrum of clinical scenarios, extending
its applicability to inpatient populations and the monitoring of conditions related to glucose

metabolism, as evidenced by its performance with the GVAS dataset in situations like stroke.
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All the above are important and necessary steps towards the deployment of such models in
hospital environments, promising an enhancement of patients care in areas such as intensive

care units (ICU).

A limitation which will always occur in this kind of studies is the limited amount of available
data. Unlike outpatients populations where data can be collected for weeks, even months,
inpatients are hospitalised usually for a few days. This is a real burden especially for deep
learning models which require a vast amount of data for training and validation. In this work
we showed that by borrowing models trained and tuned only in outpatient populations, we can
apply them and effectively predict future blood glucose levels for hospitalised patients with or

even without diabetes. However, this might not always be the case.

It the literature, considerable fluctuations in glycemic levels are commonly observed, impacting
both diabetic and non-diabetic individuals [98]. This becomes particularly evident when sub-
jects employ different insulin delivery methods [99], from multiple daily injections with insulin
pens to continuous subcutaneous insulin infusion via insulin pumps. Moreover, other factors
like diet, physical activity, and individual metabolism play a significant role in influencing

glycaemic dynamics.

In such cases, where the population characteristics are significantly different, there is a pos-
sibility that models might not perform equally well. This is the so called zero-shot learning
where the model tries to make predictions in example categories that has never seen before.
This challenge can be approached as a domain shift problem, considering the new population
as a new domain. In fact there are many domain generalization algorithms in various fields
such as computer vision [100] where the model is trained to general principles that later help
it adapt to new unseen categories more effectively. Hence, such a meta-learning framework for
domain generalization can be a very useful approach to tackle this problem in blood glucose

level prediction as well [101, 47].
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3.5 Conclusion

In this chapter we showed that blood glucose level prediction models, developed in outpatient
populations can be effectively used in hospitalised patients with and without diabetes. For the
predictions on GVAS dataset we used CEG plots to separately evaluate the model for people
with and without the condition. The results highlighted the model’s clinical efficacy and ability
to provide equally well decision support in both groups of people. We also extended the usual
prediction horizon (up to 1 hour in the future) by generating predictions 90 minutes and 120

minutes into the future.



Chapter 4

Prediction of Nocturnal

Hypoglycaemia

4.1 Introduction

Nocturnal hypoglycaemia, a phenomenon occurring when blood glucose levels fall below 70
mg/dL, is a very challenging condition in TIDM management. It is particularly challenging for
people using a MDI insulin regimen (a combination of slow-acting insulin injections for basal
coverage and rapid-acting insulin boluses at mealtimes), since while asleep people are often un-
aware of the warning signs. Risks factors associated with NH include previous hypoglycaemic
episodes, low glycated hemoglobin (HbAlc), years of TIDM, as well as behavioural characteris-
tics such as wrong insulin dosing, insufficient carbohydrate consumption, increased stress levels
and late evening physical activity among others. In this chapter, we use data related to some

of these risk factors and train ML models in order to predict NH before it happens.

38
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4.2 Data

4.2.1 ABC4D dataset

The main data set used for the development of the algorithms has been collected from a six-
month randomized controlled, crossover study [102], aiming to assess the safety and efficacy of
an advanced bolus calculator for diabetes (ABC4D) compared with a standard bolus calculator
(Clinical Trial Registry No. NCT03963219, ethics approval from the London—Chelsea Research
Ethics Committee, reference number: 13/L0O/0264). The dataset contains information of 37
adult participants with T1D, which was collected via the ABC4D decision support system.
Participants were wearing Dexcom G6 CGM sensors (Dexcom Inc, San Diego, CA, USA), as
well as a Fitbit Charge 3 (Fitbit, Inc, San Francisco, CA, USA) activity tracker. In addition,
they used the ABC4D smartphone app to record administered insulin (intensified MDI regimen)

and meal macronutrient information.

4.2.2 THART dataset

To enhance the validation of our models, provide evidence regarding their ability to generalize,
and evaluate their performance in different glucose monitoring sensor devices, we used the
ITHART dataset collected from a head-to-head glucose monitoring study (Clinical Trial Registry
No. NCT03028220, ethics approval from London-Hampstead Research Ethics Committee,
reference number: 15/L0O/1679), comparing CGM and flash glucose monitoring [103, 104]. In
this study, 40 adult participants, with high-risk of NH, using MDI for their insulin treatment
were randomly assigned to CGM Dexcom G5 (Dexcom Inc, San Diego, CA, USA) or FreeStyle
Libre 1 (Abbott Diabetes Care, Alameda, CA, USA), intermittently scanned CGM for 8 weeks.
An extension phase was conducted after finishing the main study, during which all participants

used Dexcom G5 for an additional 8 weeks.

In Table 4.1 we can see an overview of the demographics and clinical characteristics of the

populations of the two clinical datasets used in this work. Apart from the age, gender, glucose
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monitoring method and insulin regimen of participants, the most common clinical CGM metrics
have been calculated as recommended by the international consensus for applications in clinical
diabetes care [21]. These include glucose management indicator (GMI) [90], time below range
(TBR), time in range (TIR), time above range (TAR), and blood glucose index. The percentage
of hypoglycemic nights has also been calculated for both datasets, highlighting the high-risk

participants especially in the testing dataset (IHART), with an average of 1 out of 3 nights in

hypoglycaemia.
Characteristics ABC4D [HART
Age (years) 47 + 17 50+ 5
Gender (male/female) 10/12 12/8
Mean glucose level (mg/dL) | 177.5+17.6 | 149.6 &+ 22.6
GMI (%) 76404 | 74+04
eAlc (mg/dL) 138.6 +10.8 | 133.2 £ 10.8

TBR (<54 mg/dL) (%) 0.3+0.3 5.3+3.7
TBR (54-69 mg/dL) (%) 1.6 £1.2 5.8+ 2.8
TIR (70-180 mg/dL) (%) 53.8£10.8 | 60.0+11.0

TAR (181-250 mg/dL) (%) | 29.8+5.7 20.0 £5.8

TAR (>250 mg/dL) (%) 14.44+7.3 8.7+78
Low blood glucose index 0.6 £0.3 3.0£15
High blood glucose index 10.0 £ 3.0 6.9+ 3.6

Nights with NH (%) 11 34
Glucose monitoring CGM flash
Insulin regimen MDI MDI

Table 4.1: Demographic and clinical characteristics (Mean + SD) of the subjects in the two
clinical datasets.

4.3 Algorithms

The selection of the algorithms was primarily made by reviewing the best performing models in
the literature. As discussed in Chapter 2, the top 3 performances of NH prediction models are
tree-based algorithms and SVMs (see Table 2.2). Random Forest’s ability to work efficiently
with high-dimensional data, handle missing values and robustness to noise and outliers, along
SVM'’s robustness to overfitting, and versatility (based on kernel selection) give us the oppor-
tunity to experiment with different model configurations and compare then in order to find the

best candidate.



4.3. Algorithms 41

4.3.1 Random Forests

Random Forests [105] is a supervised machine learning algorithm which can be used both for
regression and classification. It belongs to the category of ensemble learning techniques [106],
which essentially combine weaker models together in order to build a more robust model, with
lower generalization error. Specifically, whereas decision trees (the fundamental building blocks
of Random Forests) on their own are more susceptible to overfitting, their combination in the
Random Forests algorithm has shown strong performance in making predictions for various

applications.

Random Forests is a modification of bagging (bootstrap aggregation) which builds a large
number of decision trees, not correlated to each other, and averages the results. By creating
a bootstrapped sample of the original dataset (and equal in size with it), and building deci-
sion trees based on a subset of features, Random Forests create a diversified set of identically
distributed trees. By averaging the results of each of the individual trees, variance is reduced
and the overall model is more robust to noise. The Random Forests pseudocode is presented

in Algorithm 1.

Algorithm 1 Random Forests

inputs: T number of trees, N size of the training data, d number of features to be randomly
selected out of the total number D (default value of d = v/D)

for t=1 to T do
1. Draw a random bootstrap sample of size N from the training data
2. Grow a decision tree from the bootstrapped data, by repeating the following steps:
(i) Randomly select d features without replacement
(ii) Split the node based on the feature which maximizes the objective function (i.e.
information gain)
end for

output: Use averaging (for regression) or majority vote (for classification) to aggregate the
predictions of the trees and assign the predicted value or class label respectively
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4.3.2 Support Vector Machines (SVM)

Support Vector Machines [107] are supervised machine learning algorithms which can be used
for regression and classifications tasks. SVMs extend on the idea of perceptron [108, 109],
but instead of minimizing the misclassification error, they maximize the distance between the
decision boundary and the nearest data points from each class. This distance is called margin,
the decision boundary is called hyperplane and the nearest points are the support vectors. In
other words SVMs try to find the optimal hyperplane which maximizes the margin. A visual

representation in two dimensions is shown in Figure 4.1.

'positive’ hyperplane

x2 A wa=1

Support vectors

/

Decision boundary
wix=0

‘negative’ hyperplane

wix=-1 _

Figure 4.1: SVMs try to find the optimal hyperplane which maximizes the margin

In an ideal world we want to achieve perfect separation between the two classes (in the case of
classification). However, in real world data this is almost always not the case. Hence, SVMs try
to balance the trade-off between large margins, which often come with more misclassifications,

and smaller margins which are prone to overfitting.

Equations 4.1 and 4.2 represent the positive and negative hyperplanes respectively, as shown

in Figure 4.1.



4.3. Algorithms 43

Wy + W Xpos = 1 (4.1)

wo + WTXneg =-1 (4.2)

By subtracting equations 4.1 and 4.2, we have:

WT(XPOS — Xpeg) = 2 (4.3)

If we normalise the equation 4.3 by the norm of w we get:

- (4.4)

The left side of the equation 4.4 is the margin (distance between the positive and negative
hyperplane). As mentioned above, the objective of the SVM is to maximize the margin by
maximizing the quantity H%\I subject to the constraints that each point is separated appropri-

ately as follows:

wy +wlix® > 1, if YW =1 (4.5)

wo 4+ wix® < —1, if YD =—1 (4.6)

The equations 4.5 and 4.6 restrict all the negative points on the side of the negative hyperplane
and all the positive points on the side of the positive hyperplane. However, in reality perfect
separation is not achieved and some misclassification occurs. This is called soft-margin classi-
fication and is based on the introduction of slack variables ¢ which take values from zero to 1,

introducing an appropriate cost penalization.
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Hence equations 4.5 and 4.6 now become:

wix® >1 ¢ 4f 4@ =1 (4.7)

wix® < 1460 Gf D=1 (4.8)

And consequently the objective to be minimised (subject to constraints) becomes:

Wl + o3 €) (1.9

where C is the regularization parameter which controls the trade-off between maximizing the
margin and minimizing the classification error. The minimization of the equation 4.9 is per-

formed with quadratic optimization and a pseudocode is presented below:

Algorithm 2 Support Vector Machines - optimization

For a dataset (x1,y1), (z2,¥2), ..., (Tn, Yn), where z; are feature vectors and y; € —1,+1 are
class labels

Objective:
ming||wl* + C(3;€)
Subject to:

Yy (wix@) >1, Vi
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4.4 Model Development

4.4.1 Data Preprocessing

Glucose data were gathered and exported as time series, yielding 288 readings per day at five-
minute intervals. Any missing values within six consecutive samples (equivalent to 30 minutes)
were imputed using linear interpolation. Daily profiles with extended periods of missing data

were omitted from the dataset, accounting for less than 5% overall.

Outliers in participants’ self-reported insulin values or carbohydrate intake were replaced with
the mean or median of each participant’s dataset. Additionally, instances where participants
consumed a meal after 11 PM were excluded [69], as this was considered an intervention to

prevent nocturnal hypoglycemia (rescue carbs).

Flash sensors sample every 15 minutes, unlike CGM sensors, which sample every 5 minutes.
To facilitate model evaluation using the test dataset, incomplete daily profiles were discarded
as previously described. The flash signal was then resampled to a 5-minute frequency by
interpolating intermediate values, aligning it with the CGM time series format (i.e., 288 readings

per day).

Labeling of the target class proceeded as follows: For each participant’s daily profile, the
period from midnight to 6 AM was designated as nighttime. If, during nighttime, glucose levels
dropped below 70 mg/dL for at least 20 minutes, it was classified as a hypoglycemic night
(Class 1); otherwise, it was labeled as a night without any hypoglycemic episodes (Class 0).

Features were extracted from the remaining daytime hours.

4.4.2 Feature Extraction

Glucose data obtained from the Dexcom G6 CGM sensor were utilized to derive glucose-related
features for each participant. Within each daytime period, defined from 6 am to midnight, an

array of time series characteristics spanning temporal, statistical, and spectral domains were
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derived using the TSFEL feature extraction library [110]. Furthermore, conventional metrics
related to diabetes management were taken into account, including percentage Time in Range
(TIR), percentage Time Below Range (TBR), and Time Above Range (TAR), representing the
proportion of time glucose levels remained within, below, or above the target range [70, 180]
mg/dL. Additionally, parameters such as high and low blood glucose indexes were considered

[111], among others. A comprehensive list of these features is provided in the Appendix.

In order to enhance the capture of CGM signal data, an iterative approach was employed. This
involved computing all time series and diabetes-related features for consecutive time windows,
beginning from the hour before sleep, extending to two hours before sleep, and continuing up

to twelve hours before sleep, as illustrated in Figure 4.2.

... 12:00 13:00 14:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00 ...

Figure 4.2: Colored boxes represent temporal windows used to extract daytime features (eg, blue: one hour
prior to sleep, green: two hours prior to sleep, and orange: 12 hours prior to sleep). The gray shadowed area
denotes nighttime.

Data on insulin doses administered by participants was gathered for the creation of the devel-
opment dataset. To derive insulin-related characteristics, an estimate of the insulin on board
model was employed [112]. Likewise, participants manually input information regarding meal
intake through the mobile app, including details on insulin boluses. The carbohydrates on
board were computed for each participant, indicating the cumulative carbohydrate intake (in
grams) from 6 pm until midnight. Additionally, a selection of features was directly extracted

from participants’ Fithit trackers, reflecting their daily activity, as detailed in Table 4.2.

4.4.3 Training and Validation

A Sequential Forward Selection method [113] was utilized to pinpoint the most important

features. The ensuing set of features is displayed in the table 4.3.
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Feature Metric
Total steps Total count

Total distance Meters

Very active distance Meters

Moderately active distance Meters

Light active distance Meters

Sedentary active distance Meters

Very active minutes Minutes

Fairly active minutes Minutes

Lightly active minutes Minutes

Sedentary active minutes Minutes
Calories—Total estimated energy expenditure Floors Kilocalories
Floors Total count
Calories BMR—Total energy expenditure from BMR Total count
Marginal calories—Total marginal estimated energy expenditure | Kilocalories

Resting heart rate bpm

Table 4.2: Description of the Daily Physical Activity Features.

Feature name Description
Mean _diff Mean of differences of the signal,
calculated for the last hour prior to sleep
Median _diff Median of differences of the signal,
calculated for the last hour prior to sleep
Centroid Centroid along the time axis,
calculated for the last couple of hours prior to sleep
Spectral _distance Single spectral distance,
calculated for the last eight hours prior to sleep
Spectral_decrease Amount of decreasing of the spectral amplitude,
calculated for the last 11 hours prior to sleep
Wavelet_absolute_mean CWT absolute mean value of wavelet scale,
calculated for the last 10 hours prior to sleep
ECDF _Percentile Percentile values of ECDF,
calculated for the last three hours prior to sleep
MFCC Mel cepstral coefficients,
calculated for the last hour prior to sleep
FFT_mean_coefficients Mean values of each spectrogram frequency,
calculated for the last one, two, five, six, eight,
nine, 10, and 12 hours prior to sleep
TBR Percentage TBR, (54, 70) mg/dL,
calculated for the last three hours prior to sleep

Table 4.3: List of the Most Relevant Features Derived From the Sequential Forward Selection
Algorithm.

The main dataset was divided using a standard 80:20 random split, allocating 80% for training

and 20% for holdout. Hyperparameter tuning and effectiveness assessment of the SVM and RF
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binary classifiers were performed through grid search within a 10-fold stratified cross-validation
(SCV) setup on the training set. An illustration of the data partitioning is presented in Figure

A.2 in the Appendix.

The dataset comprises 37 participants and approximately 6000 nights, with 660 nights (11%)
experiencing at least one hypoglycemic episode (defined as a minimum of 20 consecutive minutes
below 70 mg/dL glucose levels). Due to the imbalanced distribution of the target class, the
Synthetic Minority Over-Sampling Technique [114] was employed in each SCV iteration to
generate synthetic samples for the minority class. In Figure 4.3 a visual representation of the

workflow is presented.

Raw Data

Data Cleaning

l Fold 1
Fold 2
Division into Sampling M'od.el
Daily Profiles —> Fold 3 Building ]
Feature Extraction Fold k e j
and Labeling
Features & Labels Model .
_— Holdout set oo . «— Sampling <+———
Vectors Building

Figure 4.3: Model development and internal validation workflow diagram..

We evaluate the performance of the models through both internal and external validation
processes. We compare the two algorithms across both the training and holdout sets of the
main dataset. Additionally, we conduct further external validation on the final model using the

testing dataset. The primary metric utilized to assess the model’s performance is ROC-AUC,
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while sensitivity and specificity serve as secondary metrics.

4.5 Results

Table 4.4 displays the performance of both classifiers following a 10-fold cross-validation on
the training set and the holdout. Both algorithms demonstrate strong generalization to unseen
data. However, SVM notably outperforms the RF classifier, particularly in terms of Sensitivity.
Conversely, SVM exhibits balanced performance across all metrics. Additionally, the ROC curve
of the SVM algorithm for both the training and holdout sets is illustrated in the Figures 4.4

and 4.5 respectively.

SVM Random Forest
(kernel: poly, gamma: scale, C:0.1) (n_estimators: 50)
Training Set Holdout Training Set Holdout
(10-fold CV) (10-fold CV)
ROC-AUC 79.36% 78.51% 75.80% 76.96%
(95% CI, 76.86%-81.86%) (95% CI, 74.00%-77.60%)
Sensitivity 73.66% 72.13% 42.69% 43.88%
(95% CI, 70.36%-76.96%) (95% CI, 39.19%-46.19%)
Specificity 72.31% T171% 87.50% 89.31%
(95% CI, 70.51%-74.11%) (95% CI, 86.60%-88.40%)

Table 4.4: The ROC-AUC Score and Sensitivity and Specificity of the Two Machine Learning
Classifiers Evaluated During a 10-Fold Cross Validation in the Training and the Holdout Set.

Glucose-related patterns emerged as the most reliable predictors, as illustrated in the Table
4.3, leading to their incorporation into the model. Notably, demographic factors like age,
sex, and body mass index did not substantially contribute to NH prediction. This could be
attributed to the limited participant pool in the dataset, limiting the range of variation. This
outcome was anticipated and doesn’t necessarily challenge previous studies [66] that emphasize

the significance of demographic features in NH prediction.

The features concerning administered insulin and consumed carbohydrates did not emerge as
the most significant either. One possible explanation could be attributed to human error, as

participants manually reported insulin units and meal details, resulting in certain discrepancies.
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Figure 4.4: ROC curve from the evaluation of the SVM binary classifier, using a 10-fold cross validation in

the training set.
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Figure 4.5: ROC curve from the evaluation of the SVM binary classifier on the holdout set.
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CGM Flash glucose monitoring

(Dexcom G5) | (Abbott FreeStyle Libre)
ROC-AUC 77.06% 77.74%
Sensitivity 73.76% 82.61%
Specificity 65.63% 56.69%

Table 4.5: Evaluation of the SVM algorithm in a new unseen dataset.

Ultimately, while numerous investigations have underscored the significance of physical activity
as a primary risk element in NH events [115] (particularly exercise done in the evening), none
of these attributes were chosen by the Sequential Forward Selection algorithm in this study.
One plausible explanation could be that the impacts of physical activity, along with insulin
and meal data, are already encompassed within the glucose-related features employed by the

model.

In Table 4.5, we present the SVM classifier’s performance on a testing dataset comprising a
completely unseen population. This group comprises 560 nights (with 189 involving NH), with
20 adult participants wearing a CGM Dexcom G5. The ROC-AUC demonstrates a notably high
value, closely aligning with the holdout set, indicating the algorithm’s robustness and capacity
to generalize to new data. Additionally, we assessed our model within the same population,
this time utilizing FreeStyle Libre for an additional 551 nights (with 187 involving NH). The
ROC-AUC performance remains consistently high, underscoring its adaptability to devices from

various manufacturers.

In Figures 4.6 and 4.7, the ROC curve and the Recall-Precision curve of the suggested SVM
classifier are displayed respectively, assessed using the testing dataset obtained from flash glu-
cose monitoring sensors. It is important to highlight that the classifier was trained to maximize

the ROC-AUC score, which means its Precision may not consistently remain high.

4.6 Discussion

This chapter explores a time series feature engineering library [110], designed to capture dis-

tinctive signal traits in continuous glucose data. We demonstrate its viability in predicting
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Figure 4.6: ROC curve from the evaluation of the SVM binary classifier on the flash glucose monitoring data.
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Figure 4.7: Recall-Precision curve from the evaluation of the SVM binary classifier on the flash glucose
monitoring data.
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nocturnal hypoglycemia (NH) prior to bedtime. Our analysis reveals that the SVM algorithm
outperforms RFs in our primary dataset, achieving an AUC score of 79%. Similar findings have

been noted in prior research studies as well [68].

We’ve observed that the SVM algorithm relies solely on glucose-related features for its pre-
dictions, eliminating the necessity for additional data from sources like administered insulin,
meal intake, or physical activity. This stands as a distinct advantage of the proposed model.
Specifically, if integrated into an existing CGM /flash system or used as a standalone decision
support tool for diabetes management [116, 117, 118], it could offer assistance to individuals
with a fear of nocturnal hypoglycemia (NH) by alerting them to potential risks and recom-
mending appropriate actions. This capability is achieved without relying on supplementary
data sources (such as meal, insulin, and physical activity records), which may not always be

available, complete, or accurate.

The SVM classifier’s generalization capacity underwent further evaluation within a completely
new population. Our findings indicate that while its discriminative ability remains relatively
high, there is a notable decrease in specificity. One potential explanation could stem from the
consumption of rescue carbohydrates prior to bedtime, utilized by participants as an interven-
tion to prevent nocturnal hypoglycemia. Despite excluding such instances during algorithm
training, meal data was unavailable in the testing dataset. Consequently, glucose levels may
have been influenced by pre-sleep snacks, resulting in a rise in false positives. Additionally, the
testing dataset is collected from a population with high-risk of NH, characterized by frequent
prior severe hypoglycemic episodes or compromised hypoglycaemia awareness. Specifically, the
incidence of nocturnal hypoglycemic events is three times greater compared to the primary

dataset.

From the testing dataset we selected the cohort (20 adult participants) which was first assigned
to a FreeStyle Libre 1 for eight weeks, followed by a CGM Dexcom G5 for an additional eight
weeks. In both instances, the model demonstrated equal accuracy in its discriminatory capabil-
ities, as depicted in Table 4.5. This study represents a pioneering investigation, showcasing that

an NH prediction algorithm is adaptable to various sampling frequencies and accuracy char-
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acteristics. Furthermore, it illustrates the algorithm’s capacity to perform effectively across
sensor devices from different manufacturers, irrespective of the device type. Previous research
has underscored uncertainties regarding the role of flash glucose monitoring in managing T1D,
particularly for individuals with impaired awareness of hypoglycemia [116, 119, 120]. Specifi-
cally, several clinical trials have reported that the use of real time CGM was associated with
lower TBR and higher TIR as opposed to intermittent scanned flash glucose monitoring. This
has significant clinical implications since both these metrics are among the most important
ones for diabetes management as highlighted in the international consensus [21]. Consequently,
models like the one proposed in this study offer an avenue for enhancing the capabilities of

flash monitoring systems in tandem with CGM counterparts.

Because of the considerable variability in blood glucose response among individuals with T1D,
both within and among people, the size of the dataset and the number of observations per
individual (such as day-night profiles) are critical factors in algorithm development. A limitation
of this study is the relatively small sample size of the development dataset. Despite having
access to numerous daily profiles, it’s possible that a single model may not encompass the
full range of population characteristics. As a result we may observe that model’s performance
is degraded due to changes in the individual glucose patterns (data drift), or due to unseen

characteristics of a new population (concept drift).

One solution for the problem above could be retraining, which could aid in understanding in-
dividual blood glucose patterns before making overnight predictions. Specifically, the proposed
model could be employed during the initialization phase as a way to deal with the cold-start
problem (essentially the lack of sufficient and relevant data), by offering a conservative treat-
ment based on clinical guidelines. Following this phase, when significant amount of data have
been collected, the model could undergo retraining in order to learn new parameters based
on each individual’s new data. That way greater personalization can be achieved by under-
standing individual blood glucose patterns, and provide more accurate predictions. Finally, a
gradual introduction of the retrained model along with close monitoring of its performance will

minimize any risk.
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4.7 Conclusion

In this chapter, we employ a comprehensive machine learning framework focused on feature
engineering to extract features from glucose time series data. Our aim is to build binary clas-
sifiers capable of predicting episodes of nocturnal hypoglycemia (NH) prior to bedtime. The
model utilizes glucose-related features and achieves an impressive ROC-AUC score of 79%. To
validate its effectiveness across diverse populations, we test it on a group of adults with type 1
diabetes (T'1D) with high-risk of NH, who were not part of the initial training dataset. While
we note a decrease in specificity, the problem at hand is recall-oriented, particularly in identi-
fying NH occurrences broadly. Furthermore, we demonstrate that our model is independent of
specific devices, suggesting potential integration with decision support systems to broaden its

accessibility, thereby enabling users to be informed about their NH risk proactively.



Chapter 5

Applications and Clinical Trial Design

5.1 Introduction

In this chapter we move from the development and validation of ML algorithms discussed
previously, towards real-life applications for diabetes management. Specifically, we use the
binary classifier for NH prediction in order to test prevention strategies for NH at bedtime. To
do so we conduct an in-silico study based on data from 10 adult diabetes subjects, generated
by the T1DM simulator, and highlight the results. Finally, we briefly present the architecture
of a decision support system (DSS) necessary to conduct a clinical trial with people in real life,

and discuss the design of such a study.

5.2 In-silico study

5.2.1 T1DM Simulator

Type 1 diabetes mellitus simulator (T1DMS), referred to as the UVA /Padova Type 1 Diabetes
Metabolic Simulator, is an in-silico diabetes modeling environment based on MATLAB. Initially

introduced in 2009 [121], it underwent an update in 2014 [122] and more recently was enhanced

o6
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even further [123]. The Food and Drug Administration (FDA) acknowledged its utility in
2018 for the purpose of developing novel strategies for treating type 1 diabetes, serving as an
alternative to pre-clinical animal testing. The publicly available version of TIDMS contains a
virtual cohort of 30 T1DM subjects (including 10 children, 10 adolescents, and 10 adults with
T1DM).

During the simulation, each virtual participant undergoes a daily scenario, offering the user
complete control. Participants can be using either open-loop or closed-loop, consume real-
world meal scenarios with meal specific timings and quantities, as well as inject insulin boluses
(again with specific timings and quantities). At the end of the simulation along with all the
generated data, various graphical results are presented to the user. Examples are percentage of
time in the different ranges (such as TBR, TIR, TAR) as shown in Figure 5.1, risk indexes (such
as low and high blood glucose index) as shown in Figure 5.2, as well as a control variability risk
analysis (CVGA) [124], visualising the extreme glucose excursions (2.5th and 97.5th percentiles)

of each one of the subjects (Figure 5.3).
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Figure 5.1: Bar chart of the time spent in different blood glucose ranges for each one of the 10 adult participants
during a period of 24 hours.
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Figure 5.2: Bar chart of the different risk indexes for each one of the 10 adult participants during a period of
24 hours.
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Figure 5.3: CVGA of the 10 adult participants during a period of 24 hours.
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CVGA is essentially a tool to evaluate the variability of blood glucose levels across the virtual
subjects. It identifies zones which correspond to the quality of euglycaemia with zones A and
B being the optimal, and the further up indicating hyperglycaemia-prone and the further right
being prone to hypoglycaemia. Zone E in top right corner indicates a very unstable zone with
a lot of glucose fluctuations. Figure 5.3 shows the results for 24 hours just as an example,

however in reality this analysis is more valuable for a longer period of time.

5.2.2 Study Design

The dataset for the in-silico study contains 365 daily profiles (one year) for each one of the 10
adult participants. The open-loop controller was selected, which combines an external insulin
pump with a CGM sensor communicating the glucose readings to the pump using a transmitter.
Variability was introduced in the meal protocol of participants and the parameters of the T1IDM
model [125]. Specifically, we set three meals per day with 15 minutes duration each, and average
times for breakfast at 7 am, lunch at 2pm, and dinner at 9pm with a standard deviation of 30
minutes. The meal sizes in terms of carbohydrates was set to be 70 grams, 90 grams, and 130
grams respectively, with a 10% variability. Additionally, carbohydrate miscounting in the range
of -30% to +10% was introduced based on a carbohydrate counting study [126], showing that
carbs underestimation is more common than overestimation. These configurations remained
unchanged during all the different methods and experiments conducted, to guarantee a fair

comparison of the results.

Since our focus here is the study of nocturnal hypoglycaemia, we had to make sure sufficient
hypoglycaemic nights occur in the data. In a similar research from A. Parcerisas et al [127],
the authors mention that they experimented with insulin sensitivity parameters in order to
simulate NH. However, in this study we didn’t find that the modification of parameters related
to insulin sensitivity (such as VMX and kp3) from Dalla Man’s Model [122] led to a significant
increase in hypoglycaemic nights. On the contrary, a larger meal size for dinner on average,
as opposed to breakfast and lunch, proved to be an effective way to introduce more nights

with hypoglycaemia in the data since this triggered a higher dose of bolus insulin. However,
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an interesting observation is that, on average, the ABC4D dataset from the previous chapter

showed a similar amount of carbohydrates consumed by participants during lunch and dinner.

In addition, we restricted any automatic rescue carbohydrate consumption to daytime (6am to
midnight) solely, as overnight snacks would act as a treatment for NH. The average percentage
time below range (TBR) of participants over 365 nights was around 5%, whereas for the the
two clinical datasets used in the previous chapter TBR was around 2% for ABC4D and 11% for
the IHART study respectively. Additionally, we calculated the TBR during nighttime (between

midnight and 6am), which was 7.7% as shown in Table 5.1.

Authors in a previous study [69] have shown that a simple bedtime heuristic for nocturnal
hypoglycaemia prediction and prevention is when blood glucose levels fall below 149 mg/dL
(8.28 mmol/L). We wanted to test this heuristic against the SVM model developed in the
previous chapter as well as against an oracle with absolute knowledge of the future. As such, for
every daily profile and for every one of the 10 adult participants, just before bedtime (midnight
-6am) three predictions about the upcoming night were made. Specifically, the oracle always
predicted with 100% accuracy, the Heuristic approach predicted a hypoglycaemic night if the
glucose levels were below 149 mg/dL at midnight and a non hypoglycaemic night otherwise,
and the SVM algorithm used the previous 12 hours of CGM data to make a prediction for the

night as discussed in the previous chapter.

If the prediction of each one of the tree methods was positive (hypoglycaemic night) we wanted
to recommend and evaluate prevention strategies by introducing some rescue carbohydrates
(CHO) to be consumed by the virtual subjects. The American Diabetes Association (ADA)
recommends the ”15-15 Rule” for hypoglycaemia treatment [128]. According to this rule in-
dividuals experiencing hypoglycaemia should consume 15 grams of fast acting carbohydrates,
wait 15 minutes and check their blood glucose levels again. If they are still below 70 mg/dL
they should consume another 15 grams of fast acting carbs, otherwise they should switch to
a protein-carbohydrate snack instead. Similarly, the Joint British Diabetes Societies (JBDS)
have proposed treating hypoglycaemia with rescue carbohydrates ranging from 10 to 20 grams

[129]. They have also proposed a weight-adjusted method in which individuals experiencing
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hypoglycaemia should consume 0.3 grams of carbohydrates per kilo of body weight.

However, specifically for this virtual population generated by the T1DM Simulator, Parcerisas
et al [127] argue that obtaining 30 grams is the optimal value of rescue carbohydrates for
preventing NH. Specifically, they asserted that 30 grams could decrease time below range (TBR)
the most (around 35%), while increasing the time in range (TIR) by 1.3%. In this study along
with 30 grams of rescue carbs we also test the more conservative approach of 20 grams of carbs

as prevention strategies for NH.

5.2.3 Results and Discussion

Table 5.1 shows the in-silico evaluation of various nocturnal hypoglycaemia treatments at bed-
time. Based on the predictions from three different methods (an oracle, a simple heuristic and
our SVM model), we recommend either a 20 grams or a 30 grams carbohydrate snack at bed-
time. It is important to highlight here that the SVM model developed in the previous chapter
was not retrained in the simulated data, rather it was used ‘off-the-shelf’. Even though there
are differences between training and simulated data, the model’s ability to generalise in unseen
populations with different characteristics was previously evaluated. Results show the average
TBR, TIR and TAR for the whole day as well as overnight (midnight to 6 a.m.), for the 10
virtual T1DM adults (we chose not to include children and adolescents in order to be consistent
with the NH prediction work of the previous chapter which was focused on adult populations).
The results of the oracle, heuristic and the SVM algorithm were compared with no interven-
tion. Also, we compare the results of the heuristic method against the SVM algorithm. The

statistical significance of the results was determined based on the Wilcoxon signed-rank test.

As can be seen in Table 5.1 participants spent an average of 5.1% + 3.8% of their time below
range, with 7.7% =4 13.8% of the overnight time in hypoglycaemia. The oracle with both a
20 grams and a 30 grams rescue carbs intervention reduced the TBR to 3.4% + 1.2% and
3.2% + 1.1% respectively. Even though overnight TBR in the case of 30 grams was almost
eliminated (0.2% =+ 0.7%), the more conservative intervention (20 grams) increased TIR (83.8%

from 82.1%) while also keeping TAR at the same levels of 12.8% + 8.0%.
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The primary goal of NH prevention is the reduction of TBR. However this should not be aimed
at any cost. An increase of TAR is a common side effect of the treatment and should also
be considered in the evaluation. As opposed to Parcerisas et al [127], where 30 grams proved
to be the optimal value of the carbohydrate snack, in this in-silico dataset we found that a
more conservative approach (20 grams rescue carbs) seems to have equally good results in NH

reduction, while also preventing the unwanted side effects of hyperglycaemia.

The simple heuristic approach, which predicts a hypoglycaemic night if the blood glucose levels
fall below 149 mg/dL (8.28 mmol/L) at midnight, reduced the TBR to 4.0% £ 2.1% and 3.9%
+ 2.1% for 20 grams and 30 grams rescue carbs respectively. Similarly, the SVM algorithm also
reduced TBR to 3.8% + 1.7% and 3.7% =+ 1.7%. TIR was not impacted significantly in neither
methods. On the contrary TAR was increased in all four scenarios. This is often unavoidable
as a result of over-treatment due to false positive predictions from the models. In fact it has

been observed in other studies as well [69, 127].

Lastly we did a comparison in performance of the heuristic algorithm against the SVM model.
As can be seen in Table 5.1, the reduction of TBR and overnight TBR was more efficient with
the SVM treatment as opposed to the heuristic, both for 20 and 30 grams of carbs. In fact
SVM with 30 grams of rescue carbs achieved the lowest overnight TBR at 2.0% + 3.6% and
the lowest TBR at 3.7% + 1.7% among all interventions (excluding oracle). Additionally, even
though none of the two methods improved TIR with respect to no intervention, a comparison
between them showed that SVM has a positive impact both on TIR and overnight TIR. These
results show that the proposed algorithm, if used for NH prevention, outperforms the simple

bedtime heuristic by further reducing the TBR without impacting TAR.

In this study we used our SVM algorithm to predict NH in a cohort of 10 virtual adults with
T1DM over a period of 365 days. We recommended interventions for NH prevention at bedtime
in the form of rescue carbohydrates, and evaluated their effectiveness. The results were quite
satisfactory and show that the proposed model could be a viable solution for NH prevention.
Other methods could also be explored using the same model. For example in the case of insulin

pump users, people can reduce the overnight insulin dose if a hypoglycaemic night is likely to
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occur.

One limitation of this study is the small group of subjects in which the interventions were
tested. Even though an expanded version of the simulator featuring 300 participants exists,
unfortunately it remains inaccessible to the public as of today. Additionally, as discussed in
the previous chapter, NH is a challenging issue mainly for people using MDI insulin regimen.
The virtual subjects of the T1DM simulator on the contrary are under insulin pump therapy
which shifts our target population. Also we know that a bedtime snack containing proteins
and fats along with carbohydrates, could also help further in NH prevention especially in the
second half of the night as it can prolong its effect in blood glucose regulation [130]. However,
the version of the T1DM simulator that we used only supported a carbohydrates model and

thus we could not explore other options.

To address some of the above limitations and provide further evidence for the feasibility and
efficacy of our method, a meaningful next step would be a small scale in-vivo clinical trial where

real people (with the necessary selection criteria) would take part.

5.3 Fundamentals of Clinical Trials

Clinical trials are conducted to assess novel interventions aimed at preventing or treating dis-
eases in humans. These interventions may include medications, medical devices, surgical pro-
cedures, behavioral modifications (such as smoking cessation programs), community health
initiatives (such as cancer screening programs), or healthcare delivery systems (such as special-
ized care units for hospital admissions). Clinical trials are considered experiments because the
treatments administered to participants are chosen by investigators rather than themselves or
their physicians. Randomized clinical trials are typically regarded as the gold standard for de-
termining treatment efficacy, as they are designed to ensure objective and unbiased evaluation
of treatment benefits and risks. Regulatory bodies such as the MHRA (Medicines and Health-
care Products and Regulatory Agency) in the UK, the EMA (European Medicines Agency) in

EU, and the FDA (Food and Drug Administration) in the US, mandate that drugs and vaccines
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must demonstrate efficacy in clinical trials before they can be legally marketed.

5.3.1 Phases of Clinical Trials

The clinical trial phases outline the successive steps required to introduce a treatment into
practical use. Originally coming from drug development, these terms have been broadened to

encompass various trial types.

Phase 1 trials serve as the initial step in assessing a new intervention in human subjects. Typ-
ically involving a small cohort of individuals, these trials may include either healthy volunteers
or individuals with the relevant medical condition. The primary objective of phase 1 trials is
to establish a tolerable dosage while gathering crucial data on drug metabolism, excretion, and

toxicity. These studies often lack a control group.

Phase 2 studies, comprising slightly larger cohorts of up to 100 participants, begin to gather
preliminary efficacy data while maintaining a focus on safety and adverse effects. These trials

may adopt either controlled or uncontrolled designs.

Phase 3 trials represent the final approval phase for drug evaluation, typically involving 100
or more participants. They aim to comprehensively assess both efficacy and safety, usually

employing randomized control designs.

Phase 1 and phase 2 are commonly referred to as the learning phases of clinical trials, while
phase 3 is typically known as the demonstration phase. Occasionally, phase 4 studies are
conducted post-market approval. These studies evaluate the real-world effectiveness and long-
term safety of an intervention, often taking an observational approach, although sometimes

incorporating controlled trials.

5.3.2 Types of Clinical Trial Designs

One of the most common type of clinical trial designs is the parallel design. In this setup,

individuals are allocated to both groups simultaneously over the same time frame, rather than
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solely gathering data on the experimental groups or assigning treatments sequentially. Each
participant in a parallel design is assigned to only one treatment group, typically through
randomization to eliminate selection bias. Randomization also offers the advantage of creating
comparable groups. In a parallel design, statistical comparison involves analyzing a summary

of outcome measures between the treatment groups.

An example of a clinical trial with a parallel design is the IHART study (Clinical Trial Registry
No: NCT03028220) mentioned in the previous chapter [103]. In this study 40 adults with type
1 diabetes and a high risk of hypoglycaemia, using MDI insulin regimen were recruited. The
participants were randomly allocated to CGM (n=20) or flash glucose monitoring (n=20) for a
period of 8 weeks, as shown in Figure 5.4. The study was designed to test superiority between
the two devices, with primary outcome the difference in the percentage TBR (<59mg/dL
or <3.3mmol/L) from baseline to endpoint. CGM proved to be more effective (comparing
with flask glucose monitoring) in reducing the time in hypoglycaemia in people with impaired

awareness of hypoglycaemia.

Assessed for eligibility (n = 47)

| 7 participants excluded

Randomized (n = 40)

Allocated to CGM Allocated to flash glucose monitoring
n=20 n=20
Analyzed n =20 Analyzed n =20

Figure 5.4: Participant recruitment and randomization for the IHART study.

Another type of clinical trial design is the crossover design. In a crossover design the random-
ization process determines the sequence of treatment administration rather than the allocation

of Treatment A or Treatment B to participants. As such, the randomization dictates whether
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Treatment A precedes Treatment B or vice versa.

This randomization approach aims to achieve balance between treatment groups and the tim-
ing of exposure. A defining aspect of the crossover design is that each participant undergoes
both treatments, effectively serving as their own control. This setup is advantageous because
variability in outcome measurements tends to be greater between different individuals than
within the same individual. By utilizing each participant as their own control, the design ac-
counts for individual-level factors that may influence outcome measurements, thereby reducing
variability. As a result, fewer participants are needed to test the hypothesis of interest, making

the crossover design more efficient than a comparable parallel design.

Although the efficiency of the crossover design is appealing, it is constrained by several draw-
backs. Primarily, it is suitable only for medical conditions and treatments that do not provide
permanent cures. Conditions suitable for crossover studies typically involve chronic intensity,

where treatments offer symptomatic relief rather than permanent resolution.

Another concern is the potential for carryover effects from one treatment period to another.
For example, effects from Treatment A may persist into the period when Treatment B is
administered. To address this issue, a washout period is required between treatments to allow
any long-standing effects to disappear. The duration of the washout period must accommodate

the treatment with the longest potential carryover effect.

An example of a clinical trial with crossover design is the ABC4D study (Clinical Trial Registry
No: NCT03963219) which was also discussed in the previous chapter [102]. In this study 37
adults with type 1 diabetes using MDI insulin regimen were recruited. After a 2-week run-in
period, participants were randomised to ABC4D (an advanced bolus calculator for diabetes)
or control (a standard non-adaptive calculator) for 12 weeks. After a 6-weeks washout period,
participants crossed over to control or ABC4D respectively for another 12 weeks equally, as
shown in Figure 5.5. The study was designed to test the safety and efficacy of ABC4D, as well
as its equivalency /non-inferiority against the standard bolus calculator. The primary outcome
the difference in the percentage TIR (70-180mg/dL) change during daytime. ABC4D proved

to be safe for providing insulin doses recommendations and had equal effects in % TIR with
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the control.

Assessed for eligibility (n = 43)

l—v{ 6 participants excluded

Randomized (n = 37)

|
' i

Allocated to intervention (ABC4D) Allocated to control (standard bolus calculator)
n=19 n=18

[ [
'

6 week washout period

’—{ 1 participant withdrawn ‘
! |

Crossed over to control (standard bolus calculator) Crossed over to intervention (ABC4D)
n=18 n=18
Analyzed n=18 Analyzed n = 18

Figure 5.5: Consort flow diagram of the ABC4D study.

There are many extensions and variations of clinical trial designs, based on the specific needs
of each study. One example is the group allocation design, where the randomization unit is not
a single person but rather a whole clinic or an entire group of individuals. Another variation
is the factorial design where two or more experimental interventions are tested simultaneously,
often for economical reasons. However in this type of design it is crucial to confirm that there

is no interaction between the treatments.

5.3.3 Randomization and Blinding

Randomization refers to the process of assigning participants to different groups (such as treat-
ment and control) in a random manner. It is one of the fundamentals principles in clinical trials
design and serves several important purposes, including avoiding selection bias and confounding

by indication.

Selection bias occurs when systematic differences such as age, the severity of disease, or even
clinical centers, exist between the groups being compared. On the other hand, confounding

by indication occurs when the reason for prescribing a treatment is associated both with the
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treatment received and the outcome being measured. Both biases would distort the comparison
between treatments and lead to erroneous conclusions. Randomization helps to mitigate these
biases by ensuring that potential confounding variables are evenly distributed across the study

groups, and as a result enhancing the validity of the study results.

Blinding or masking, is another critical method in clinical trials design. It is used to ensure
that all participants assigned to treatment and control are treated the same throughout the
trial, and objectively evaluate their outcomes. The main purpose of blinding is to mitigate

information bias.

Information bias occurs when knowledge of the exposure or intervention influences the outcome
assessment or reporting. Blinding prevents that from happening by ensuring that the treatment
assignment is not known after randomization. Depending on how many people are unaware
of the treatment assignment, for example participants, clinicians, or even data analysts, we
talk about single, double or triple blinding respectively. By reducing information bias through
blinding, researchers can increase the validity and reliability of their findings, leading to more

accurate conclusions about the effects of interventions or treatments.

5.4 Towards a Clinical Trial for NH Prevention

The first step to move from the in-silico study towards a real-life clinical trial is the development
of a decision support system (DSS). The DSS uses the proposed machine learning model to pre-
dict hypoglycaemic nights and recommends interventions for NH prevention. Along with a DSS,
a clinical trial protocol highlighting the objectives and outcomes, the design, and participant

information among others, is also necessary.

5.4.1 Decision Support System Design

The proposed model for NH prediction from the previous chapter will be incorporated in a

smartphone application. This is quite straightforward since the model has been developed
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using the Scikit-learn Python package [131], which allows flawless integration with Swift (the
native iOS programming language for app development), through the Core ML python package.
Additionally, the synchronization of the CGM sensor with the app will be achieved through
the use of the relevant application programming interface (API) of the CGM manufacturer, so
that blood glucose time series are available to feed the model near real-time (sampled every

5-15 minutes), the same way it has been developed.

\ — E _— Glucose levels time series
= —_—
= o@
¢ S )
—

People with Diabetes Continuous Glucose Monitoring
(CGM)

— SVM algorithm

n Decision Support o
_
— — —_—
Cloud server Smartphone app

Figure 5.6: Design of a Decision Support System for Nocturnal Hypoglycaemia Prevention.

In terms of the user interface (UI) of the app, the needs for the decision support system are
very limited. The user should be able to request a recommendation with the click of a button
before going to bed. Based on the predictions made by the algorithm, the recommendation
for the upcoming night will be displayed in user’s screen. So, for example if the prediction is
positive (hypoglycaemic night), the user will receive a message saying it might be a good idea
to consume 20-30 grams of carbs before going to bed tonight. Streamed CGM data, model’s
predictions, recommendations, as well as potential user inputs will be stored in a database in
the cloud for future data analysis. A simple diagram of the proposed DSS for NH prevention

is presented in Figure 5.6.

The simple design and relatively quick development of the app is a great advantage of the

proposed clinical trial. Of course depending on the design of the trial and potential other needs
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of the study, more functionalities can easily be added to the app as we discuss in the next

section.

5.4.2 Clinical Trial Design and Discussion

Having a DSS in the form of a mobile application, as discussed in the previous section, is
mandatory in order to test the effectiveness of our model for NH prevention in real-life scenarios.
Specifically, people who are in the treatment group, with a click of a button, will be able to
receive recommendations for rescue carbs consumption before bedtime, based on the predictions

of the model.

The proposed study design to test the safety and efficacy of a DSS for NH prevention is presented
in Figure 5.7. We recommend that the optimal design is a crossover clinical trial design, where
each participant will serve as their own control group and thus we will be able to assess more
confidently the performance of the treatment. Randomization will be applied to dictate the
order with which every participant will be allocated to the two groups (for example, first control
and then treatment, or treatment first followed by control). The washout period between the
treatments does not have to be too long since there are no long-standing effects in the treatment
of NH. In fact the recommendations provided by the DSS regarding carbohydrate consumption,

only impact the upcoming night or the next morning at most.

Blinding can also be applied throughout the study, and across everyone involved in the clinical
trial (participants, clinicians, data analysts). For that, a duplicate version of the DSS is needed
were everything will look exactly the same, but there will be no predictions and recommen-
dations involved at all. So, even if participants ask for a recommendation, the outcome of
the DSS will always be that no rescue carbohydrates are needed, as if the prediction for NH
was negative. That way no participant or clinician would be able to identify in which group
participants belong. However, it is important to consider ethics at this point. It is crucial none
of the participants to be at risk, especially if there is some clinical evidence that actions for

prevention are available.
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Assessed for eligibility (n = N)

[

Randomized (n = N)

! )
Control - no intervention for NH 30 g of rescue CHO based on SVM predictions
group 1 (n=N/2) group 2 (n=N/2)
\ [
v
Washout period
30 g of rescue CHO based on SVM predictions Control - no intervention for NH
group 2 (n = N/2) group 1 (n=N/2)
Analysis of group 2 (n = N/2) Analysis of group 1 (n = N/2)

Figure 5.7: Clinical trial design for a NH prevention study.

One solution for the above could be to incorporate a heuristic algorithm (as the one we used in
our in-silico study) which will predict NH if blood glucose levels fall below a certain threshold.
Essentially, use some clinical guidelines for NH prevention and replicate them in the form of a
DSS. That way we can be sure that we take the necessary precautions for all people who are at
high risk, while at the same time, increasing the validity an reliability of the outcomes of our
study, by keeping blinding across everyone involved. However, making this decision will require
more participants, or more time for the study, or both, to observe significant differences in the

target metric (here the percentage TBR).

The calculations for the required sample size and study duration are based on the control rates
and the expected differences from the interventions. Therefore, if the difference between the
control and intervention groups is smaller, a larger sample size and more time are needed to
achieve statistically significant results. To illustrate this point we can think of the results from
the in-silico study in Section 5.2. The overnight TBR was 7.7% for no intervention, and 2.5%
for the SVM algorithm with 20 grams rescue carbohydrates. If we assume the former as the
control rate then the effect size (expected difference between control and intervention) was
5.2%. Given these rates, and assuming significance level of a = 0.05 and power (1-3) = 80%),

the required sample size to achieve significance is 219 daily profiles. On the contrary, if instead
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of the SVM we had chosen the heuristic algorithm with TBR overnight at 3.4% and an effect
size of 4.3%, then the required sample size would have been 348 daily profiles. The formula to
calculate the required sample size for binary outcome is shown in equation 5.1. In the formula
below, a is the significance level (probability of rejecting the null hypothesis when it is true),
(1 — () is the power (probability of rejecting the null hypothesis when is false), and P, and P,

are the main outcome rates for control and intervention respectively.

(Zs + Zp)*(Pi(1 = P1) + Po(1 — P))
- e (5.1)

The eligibility criteria of participants should also be considered. Usually, exclusion criteria
comprise of senior people over a certain age, pregnancy, high risk individual due to other
chronic conditions, or terminal conditions with a low life expectancy among others. Important
inclusion criteria for this study though are considered T1DM for a significant number of years,
increasing levels of HbAlc, people experiencing nocturnal hypoglycaemia episodes often, while
also people using multiple daily insulin injections. Of course the exact criteria should be decided

by the clinical team responsible for the study.

As discussed earlier, one limitation of our in-silico study was the fact that the rescue CHO
intervention was only comprised of carbohydrates. In a real-life study, it would be a great
opportunity to experiment with a complex of macronutrients, including protein and fats along
with the necessary carbs. This can be tested either in the existing intervention group (group
2), or by formulating a third group of people so that the impact of such a snack will also be

evaluated against the the carbs only approach.

5.5 Conclusion

In this chapter we presented the results of an in-silico study aiming to prevent nocturnal
hypoglycaemia before it happens. We used data from 10 adult virtual subjects with diabetes,

simulated using the T1DM simulator. Based on the predictions of an oracle, as simple heuristic
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and our own ML model for NH prediction, we recommended a bedtime snack of 20 or 30 grams
of carbs as intervention. Results showed that the more conservative approach of 20 grams can
reduce TBR quite satisfactory, while also increasing TIR and keeping TAR at the same levels.
Both the heuristic algorithm and our proposed model significantly reduced TBR, however our
SVM model outperformed the simple heuristic, without impacting TAR. Finally, we present a
brief proof of concept for the development of a DSS for NH prevention, and discuss the design

of a potential clinical trial.
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Conclusion

6.1 Summary of Results

In the beginning of this thesis we discussed the motivation to do research in the field of artificial
intelligence for healthcare, and highlighted the reasons why specifically diabetes is a challenging
and important application. In the following a brief introduction on diabetes was provided along
with the challenges that people face in order to manage diabetes in their daily lives. Before
moving to the technical chapters, a literature review on blood glucose level prediction and

nocturnal hypoglycaemia prediction was also presented.

In Chapter 3 we present some evidence that we can predict blood glucose levels of hospitalised
patients, with a average RMSE score comparable with that of outpatients. Additionally, a Clark
Error Grid analysis showed that the vast majority of glucose level predictions for both people
with and without diabetes fall in the areas of either accurate or clinically acceptable results.
Finally, LSTM model proved to be effective in predicting glucose levels further in the future
(at 90 and 120 minutes prediction horizon) both for people with and without diabetes. As it

was expected these predictions had higher variability, especially for the diabetic population.

In Chapter 4 we focused on nocturnal hypoglycaemia prediction. We developed two binary

classifiers and showed that SVM outperforms Random Forests, with an AUC score of 79%. It

75
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is important to be noted that the most important features used for the predictions are glucose-
related. This is an advantage of the proposed model since theoretically it can be used in an
existing CGM/flash system, without the need of external data sources such as insulin, meals
and physical activity. The proposed model also showed ability to generalise well, when was
externally validated in a new population. Finally, we showed that it is flexible with various

sampling frequencies and remains accurate when tested in devices from different manufacturers.

In the last technical chapter (Chapter 5) we conducted an in-silico study aiming to test and com-
pare strategies for NH prevention. The virtual population generated by the T1DM simulator
had an average time below range (TBR) of 5% overall and 8% overnight, with no intervention.
Rescue carbohydrate snacks where introduced before bedtime based on the predictions of a
simple heuristic approach (which predicts NH if glucose levels are below 149 mg/dL) and the
SVM model as a way to prevent hypoglycaemia during the night. Both strategies reduced
significantly the overnight and the overall TBR. However, while the simple heuristic reduced
TBR to 4% overall and around 3% during the night, SVM reduced it even further, achieving
3.7% and 2.2% respectively on average (scores consider both 20 and 30 grams of carbs). Finally,
after briefly discussing the fundamentals of clinical trials, we propose a clinical trial for NH

prevention in an attempt to test the efficacy and feasibility of the proposed strategies in-vivo.

6.2 Thesis Achievements

The research conducted in this thesis has resulted in several significant accomplishments, in-
cluding the publication of papers and the presentation of posters at international conferences
and in academic journals, as outlined below. Specifically, the work on blood glucose level pre-
diction in Chapter 3 contributed to the first publication in the list in the Journal of Biomedical
and Health Informatics (IEEE). Additionally, Chapter 2 is essentially the content of the sec-
ond publication in the list in the Journal of Diabetes Science and Technology, as well as the
first e-poster which was presented in the Advanced Technologies and Treatments for Diabetes

(ATTD) conference in Barcelona, Spain (2022). Finally, a side project related to the work on
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hypoglycaemia contributed to the last e-poster in the list, which was presented in ATTD in
Florence, Italy (2024).

The full list of publications and posters is presented below:

e Zhu T, Afentakis I, Li K, Armiger R, Hill N, Oliver N, Georgiou P. Multi-Horizon Glu-
cose Prediction Across Populations with Deep Domain Generalization. IEEE Journal of

Biomedical and Health Informatics. 2024 Jul 16.

e Afentakis I, Unsworth R, Herrero P, Oliver N, Reddy M, Georgiou P. Development and
validation of binary classifiers to predict nocturnal hypoglycemia in adults with type 1

diabetes. Journal of Diabetes Science and Technology. 2023 Jul 11.

e ATTD 2022 e-poster: EP351 / #200 — PREDICTION OF NOCTURNAL HYPOGLY-
CAEMIA IN ADULTS WITH TYPE 1 DIABETES USING MACHINE LEARNING
CLASSIFIERS

e ATTD 2024 e-poster: PD037 / #719 — TIME IN HYPOGLYCAEMIA, BUT NOT CO-
EFFICIENT OF VARIANCE, IS ASSOCIATED WITH INCIDENT RETINOPATHY
IN TYPE 1 DIABETES

6.3 Thesis Limitations and Future Work

This concluding section outlines the limitations of this thesis and provides recommendations
for future research. The discussion follows the structure of the three main technical chapters,
beginning with the challenges and constraints associated with blood glucose level prediction.
It then moves on to the prediction and prevention of nocturnal hypoglycemia, highlighting key
areas where further investigation is needed. By addressing these limitations, future research
can refine and expand upon the findings presented in this work, ultimately contributing to more

accurate and reliable diabetes management solutions.
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One of the key challenges in developing predictive models for blood glucose levels in hospitalized
patients is the limited availability of training and testing data. Unlike outpatients, who may use
continuous glucose monitoring (CGM) for extended periods, inpatients typically utilize CGM
only during their hospital stay, which is often brief and confined to a controlled setting such
as a hospital bed. As a result, there is a scarcity of studies that examine whether machine
learning models trained on outpatient data can generalize effectively to inpatient populations.
Given the potential differences in physiology, medication use, and activity levels between these
groups, gathering more extensive inpatient data is crucial for improving the robustness and

reliability of predictive models in this setting.

When a predictive model encounters a population with significantly different characteristics
from its training data, its performance may deteriorate due to the domain shift. This issue
aligns with the concept of zero-shot learning, where a model attempts to make predictions
for cases it has never explicitly encountered before. One potential solution is to frame this
challenge as a domain adaptation problem, where the inpatient population represents a distinct
domain that requires specialized techniques for better model generalization. In fields such as
computer vision, domain generalization algorithms have been developed to help models extract
fundamental patterns and adapt more effectively to unseen data distributions. A promising
approach for blood glucose prediction could be leveraging meta-learning frameworks for domain
generalization, as explored in recent studies [101, 47]. These methods could enable predictive
models to better handle variations across different patient populations, thereby enhancing their

applicability in inpatient settings.

Another unexplored avenue in blood glucose prediction — both for inpatients and outpatients
— is the use of specialized predictive models tailored to different phases of the CGM signal.
One of the key challenges in glucose forecasting, particularly during the postprandial phase, is
the time lag in CGM readings. To address this, a multi-model approach could be employed.
For instance, meal detection algorithms could first identify the onset of the postprandial phase,
triggering the use of a specialized predictive model trained on instances of abrupt glucose spikes.
This model would be optimized to handle rapid glucose fluctuations more effectively, improving

accuracy in this critical period. Once glucose variability stabilizes, the system could transition
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back to a general predictive algorithm for standard blood glucose forecasting. By dynamically
switching between models based on physiological phases, this approach has the potential to

significantly enhance prediction accuracy in both inpatient and outpatient settings.

As discussed in Chapter 4, the variability in blood glucose responses makes both the dataset size
and the number of observations per individual critical factors in achieving reliable performance.
A key limitation of this study is the relatively small dataset used for model development, which
may not comprehensively capture the broad range of individual glucose dynamics across diverse
populations. This limitation increases the risk of performance degradation when the model en-
counters shifts in glucose patterns, such as those induced by new interventions or modifications
to existing diabetes management strategies. Additionally, the introduction of previously unseen

characteristics in new populations could further impact the model’s generalizability.

To mitigate these challenges, one potential approach is to implement a retraining mecha-
nism that allows the model to adapt to an individuals unique glucose patterns before making
overnight predictions. This adaptation process would enable the model to account for per-
sonal variations in glucose metabolism, leading to more accurate and personalized predictions.
Importantly, the retraining procedure can easily be designed to be computationally efficient,
requiring only minimal resources. However, several critical questions remain unanswered. For
instance, determining the optimal amount of data required for effective model retraining is
essential to ensure meaningful learning of new patterns. Additionally, establishing a robust
safety release protocol is paramount to protect patients and to guarantee that the retrained

model maintains high accuracy and reliability.

Another limitation of the proposed model for nocturnal hypoglycemia prediction is the defini-
tion of the night-time period. In this study, we assumed a fixed six-hour window to represent
the nocturnal period for all participants. However, this standardized approach may not fully
reflect individual differences in sleep schedules and lifestyle patterns, potentially affecting the
model’s effectiveness. Further research might explore dynamic, personalized night-time defini-
tions to improve prediction accuracy similar to the approaches of a recent study by Herrero et.

al. [15]. Additionally, other algorithms such as XGboost (also proposed in the aforementioned
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study by Herrero et. al.) and Gradient Boosting Machine (GBM) may offer improvements over

the current approach by better capturing intricate patterns in glucose variability.

Another crucial consideration in the development of blood glucose prediction algorithms, in-
cluding those designed for nocturnal hypoglycemia detection, is the use of more heterogeneous
datasets. Incorporating diverse datasets that encompass a wide range of demographic, clinical,
and lifestyle variations is essential for improving model generalizability. Furthermore open-
source datasets, such as the Ohio T1DM dataset, could be instrumental for providing a stan-
dardized benchmark for evaluating and comparing different predictive models. The availability
of such datasets could foster collaboration among researchers and facilitate advancements in

the field.

As previously noted, nocturnal hypoglycemia (NH) presents a significant challenge for indi-
viduals managing Type 1 Diabetes Mellitus (T1DM) through multiple daily injections (MDI)
of insulin. However, the virtual subjects utilized in the T1DM simulator are based on insulin
pump therapy rather than MDI, making them a slightly different patient population. This
distinction is important, as insulin delivery methods can influence glycaemic control and the

risk of NH.

Additionally, emerging research suggests that consuming a bedtime snack composed of proteins
and fats, in conjunction with carbohydrates, may further mitigate the risk of NH. This dietary
approach appears particularly beneficial in stabilizing blood glucose levels during the latter half
of the night, reducing the likelihood of hypoglycemic episodes. Unfortunately, the version of
simulator used in this study only accounts for carbohydrate metabolism, making it impossible

to investigate the potential impact of such dietary strategies.

To address these limitations and enhance the robustness of our findings, the next logical step
would be to conduct a small-scale in vivo clinical trial involving real participants who meet
predefined selection criteria. Such a trial would allow for direct observation of the intervention’s

effects in real-world conditions, providing stronger evidence for its feasibility and effectiveness.

Ultimately, the most definitive validation of any predictive model comes from empirical hu-
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man data rather than solely from computational simulations. While refining algorithms and
conducting benchmark comparisons are valuable components of model development, the true
measure of a model’s effectiveness lies in its real-world performance. Clinical trials play a cru-
cial role in this process, as they not only validate model predictions but also assess clinical
utility, safety, and patient outcomes. A well-designed clinical study such as the one proposed
in Chapter 5, would offer critical insights into how the model integrates into standard diabetes
management protocols, ensuring that it provides tangible benefits to patients while maintaining

safety and efficacy standards.
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Figure A.1: Visualization of data partitioning for individual and population models. Individual models were
trained on the individual training sets and tested on the individual testing sets of the OhioT1DM dataset.
For population-level models, we conducted an 80/20 split on the total training dataset, resulting in a training
set and a separate validation set. The population models were trained using the actual training sets. Then
the validation set was used for feature selection and hyperparameter tuning. Finally, the testing set was used
to provide unbiased evaluation and the prediction results reported in this work. Population models were also

tested in the GVAS dataset of hospitalized patients without retraining.
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’ Feature name Description ‘
Time Series Features
Abs_energy Absolute energy of the signal
Auc Area under the curve of the signal (trapezoid rule)
autocorr Autocorrelation of the signal
Calc_centroid Centroid along the time axis
Calc_max Maximum value of the signal
Calc_mean Mean value of the signal
Calc_median Median value of the signal
Calc_min Minimum value of the signal
Calc_std Standard deviation of the signal
Calc_var Variance of the signal
distance Signal traveled distance
ecdf Values of ECDF along time axis
Ecdf_percentile Percentile values of ECDF
Ecdf _percentile_count | Cumulative sum of samples that are less than the percentile
entropy Entropy of the signal using the Shannon Entropy
Fft_mean_coeff Mean values of each spectrogram frequency
Fundamental _frequency Fundamental frequency of the signal
hist Histogram of the signal
Human_range_energy Human range energy ratio
Interq_range Interquartile range of the signal
kurtosis Kurtosis of the signal
Ipce Linear prediction cepstral coefficients

Table A.1: Full list of glucose-related features for NH prediction model (continued).
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’ Feature name

Description

Time Series Features
Max_frequency
Max_power_spectrum
Mean_abs_deviation
Mean_Abs_diff
Mean _dif
Median_abs_deviation
Median_abs_diff
Median_diff
Median_frequency
mfcc
Negative_turning
Neighbourhood _peaks
Pk _pk_distance
Positive_turning
Power_bandwidth
rms
skewness
slope
Spectral_decrease

Spectral_distance
Spectral_entropy
Spectral_kurtosis
Spectral_positive_turning
Spectral_roll_off
Spectral_roll_on
Spectral_skewness
Spectral_slope
Spectral _spread
Spectral_variation
Sum_abs_diff
Total_energy
Wavelet_abs mean
Wavelet_energy
Wavelet_entropy
Wavelet_std
Wavelet_var

Maximum frequency of the signal
Maximum power spectrum density of the signal
Mean absolute deviation of the signal
Mean absolute difference of the signal
Mean of differences of the signal
Median absolute deviation of the signal
Median absolute differences of the signal
Median differences of the signal
Median frequency of the signal
MEL cepstral coefficients
Number of negative turning points of the signal
Number of peaks from a defined neighborhood of the signal
Peak to peak distance
Number of positive turning points of the signal
Power spectrum density bandwidth of the signal
Root mean square of the signal
Skewness of the signal
Slope of the signal
Amount of decreasing of the spectral amplitude
Single spectral distance
Spectral entropy of the signal based on Fourier transform
Flatness of a distribution around its mean value
Number of positive turning points of the fft magnitude signal
Spectral roll-off of the signal
Spectral roll-on of the signal
Asymmetry of a distribution around its mean value
Spectral slope
Spread of the spectrum around its mean
Amount of variation of the spectrum along time
Sum of absolute differences of the signal
Total energy of the signal
CWT absolute mean value of each wavelet scale
CWT energy of each wavelet scale
CWT entropy of the signal
CWT standard deviation value of each wavelet scale
CWT variance value of each wavelet scale

Z.ero_cross

Zero-crossing rate of the signal

Table A.2: Full list of glucose-related features for NH prediction model (continued).
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| Feature name | Description |
Diabetes related Features
ri Risk index

lbgi Low blood glucose index

hbgi High blood glucose index

TIR % Time in range [70, 180] mg/dL
Thr_1 % time in [54, 70) mg/dL
Thr_2 % time below 54 mg/dL
Tar_1 % time in (180, 250] mg/dL
Tar_2 % time above 250 mg/dL

Table A.3: Diabetes related features for NH prediction model.

All testing
Z 80/20 split datasets
10-fold Cross Validation )
c External
: validation

Figure A.2: Visualization of data partitioning strategy utilized in this study for the development of NH
prediction models. Initially, we conducted an 80/20 split on the ABC4D dataset, resulting in a training set
and a separate hold-out testing set. Following this, a 10-fold cross-validation was performed to facilitate model
validation and hyperparameter optimization. To ensure unbiased evaluation, the external IHART dataset was
also incorporated.
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