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Abstract

Type 1 diabetes mellitus cases represent 5-10% of all cases of diabetes and these are
increasing worldwide. There is no immediate prospect of a cure and managing the disease
is the current practice. Poor diabetes management is associated with short-and long-term
complications. However, the lifelong burden and complexity of diabetes management
result in many patients being unable to achieve the required control targets. Advances
in communications technology, wireless networks, cloud computing and storage create
new opportunities for implementing comprehensive support solutions to assist in diabetes
self-management.

This thesis rst investigates current clinical practices via an in-depth retrospective analysis
of a novel dataset. This is then used to recommend novel glycaemic targets for enhancing
engagement and reducing the exhaustion and anxiety experienced by type 1 diabetes patients.
Also, exploiting the glycaemic patterns, HbAlc prediction models are developed to offer
quicker and continuous effective feedback on patients' glycaemic control. Furthermore,
clustering techniques have been utilised to identify the diurnal patterns of patients, thus
automating the con guration of personal factors used in bolus calculators to improve accuracy,
context and reduce the burden on patients and clinicians.

Finally, the thesis presents a novel holistic diabetes management platform, developed utilising
responsive agile design throughout a two-year clinical pilot trial that involved 78 patients and
10 clinicians at three NHS trust health centres across the UK. The developed technologies
resulted in signi cant improvement in patients' outcome and engagement over the pilot period
as measured by HbA1c and usability. These encouraging results are a strong indication that
the developed recommendations, models and technologies in this thesis can be adopted in

practice and thus provide innovations to improve the lives of type 1 diabetes patients.
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Chapter 1

Introduction

Diabetes mellitus is a chronic disease increasingly becoming more prevalent in the world.
There are 451 million people diagnosed with diabetes; it is expected to rise to 693 million
people by 2045. Also, it is estimated 179 million people have diabetes but have not been
diagnosed yet4]. In the UK, there are 3.7 million people over the age of 17 diagnosed
with diabetes$]; it is estimated to rise to 5 million people by 2025. The majority of people

diagnosed with diabetes have Type 2 diabetes, and only about 10% have Type 1 diabetes.

The main treatment for diabetes is disease management, as opposed to cure. Poor diabetes
management is associated with short and long-term complicathns [England and Wales,
people with diabetes have 34.4% shorter life expectancy compared to their peers with no
diabetes. For type 1 diabetes, mortality is 131.1% greater than expected, and for type 2
diabetes it is 32% greater][ Diabetes is the most common cause of non-traumatic lower-
extremity amputationsg8]. Furthermore, pregnancy in diabetic women imposes a higher risk;
they are ve times as likely to have a pre-term baby and three times as likely to undergo a
Cesarean section delivery compared to women without diabetes; their babies are ve times
as likely to be stillborn, and three times as likely to die in their rst morgh People with
diabetes are as twice as likely to experience episodes of depression that lasts longer compared
to people with no diabeted()]. Hence, the accumulated direct and indirect care cost for
diabetes in the UK is £23.7 billion (10% of the NHS budget). It is predicted to rise to
£39.8 billion by 2035/6 ( 17% of the NHS budget)11]. Currently for Type 1 diabetes,
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the direct cost is £1bn, and the indirect cost is £0.9bn. The projections to 2035/6 of Type 1

diabetes' direct and indirect costs are: direct cost is £1.8bn and the indirect cost is £2.4bn.

Evidence from different studies demonstrates that intensive diabetes management con-
tributes in reducing the progress of diabetes related complicati@4§]. Diabetes man-
agement involves a sequence of education, medication, diet, and healthy lifestyle choices
to achieve the expected self-management. The self-management process requires regular

collection, compilation, storage, and analysis of data [19, 20].

In the current system for type 1 diabetes, self-management regimen involves patients
pricking the side of their nger with a lancet device and placing a drop of blood on a test
strip connected to a glucose meter. Then, the glucose reading is used to assess the amount
of insulin injected considering their carbohydrates intake and other factors such as physical
activity, stress, and illness; it is advised that the blood glucose tests are carried out at least 3-4
times daily by the patient during their lifetime. The patient uses a diary to record the result.

It is also recommended to record the dose of insulin injected, carbohydrates consumed and

exercise undertaken.

In many clinical centres in the UK, Diasend is used to collect and process patients data
from their glucose meter. Diasend is a commercial web-based solution that can be accessed
by the health-care team to process patient's d2th [This system provides a data collection
facility and a uni ed data representation for the supported manufacturers' glucose meter.

This is operated in clinics upon the patients' arrival.

The patient visits the health-care team every 3-12 months to assess their diabetes man-
agement and to perform examinations such as glycated haemoglobin test, (also known as
haemoglobin Alc or HbAlc), and on an annual basis retinal screening, foot checks, blood
and urine tests. The health-care team involved include nurses, doctor, and di2ftiag .

The doctor might also refer the patient to the ophthalmologist, cardiologist, nephrologist
and psychologist from time to time if needed. This team evaluates the patient's diabetes

management by looking into the blood test records, HbAlc and other examinations.

The HbAlc is a measure of the average plasma glucose concentedjofliis measure

provides a better indication of the mean glucose level over the period of 8-12 weeks. It shows



more objectively, how the patient is managing his/her diabetes. Higher levels of HbAlc
indicate a poor diabetes management, and are associated with irreversible eye, kidney and

nerve damage, which may lead to blindness, dialysis, and lower limb amputations [25-27] .

Various guidelines are published and have shaped the employed practises in clinical
procedures of diabetes ca@8[ 29]. These guidelines include recommendations for the
frequency of blood glucose measurement, preprandial glucose targets, postprandial glucose
targets, insulin regimen, the frequency of clinical visits, the frequency of HbAlc tests,
HbAlc targets and intensity of treatment plans. Additionally, in many hospitals structured
educational programmes such as dose adjustment for normal eating (DAFNE) are provided

as part of the care plan for patients [30].

Advances in smartphone technology, wireless networks, cloud computing and storage
create new opportunities for implementing a comprehensive telehealth solution across the
health-care eld, especially in diabetes self-management. In addition, the integration of
technology to handle our daily tasks is becoming more prevalent. In Great Britain, 99% of
adults aged 16 to 44 use online services; 73% of adults aged 25 to 34 downloaded online
news, newspapers and magazines. Also, the usage of the Internet has highly increased
amongst the older age group. Adults aged 45 to 54 using the Internet to nd information on
services and goods increased from 74% in 2013 to 84% in 2014 and Internet banking activity

has increased from 50% to 62% for the same period [31].

This leads us to challenge the current care practices. It provides the opportunity to adopt
modern technological advancement to offer individualised and balanced care plans. Also,
it elevates the patient's role in disease management by providing the needed information,
potentially improves patient-clinician interaction, follow-up, social support and reducing the

care cost.

The following problems and objectives are investigated to facilitate enhanced self-

management in people with type 1 diabetes.
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1.1 Motivation

Various efforts in proximal technologies (e.g., insulin pumps, continuous glucose monitors)
and distal technologies (e.g., web-based platforms and mobile health) have been carried
out to help patients and clinicians with diabetes management and treatment adjustments.
Nevertheless, there are limitations to the current state-of-the-art. The following describes the
limitations and discusses the research objectives; then, it concludes with a thesis outline and

a summary of the contributions.

1.1.1 Problem de nition

Despite all the efforts of the patients and their health-care team, most patients do not achieve
their diabetes management targets. In fact, less than 30% of the type 1 patients achieve
the UK's national target for diabetes manageme@®}.[The increasing number of diabetes
patients limits the access to diabetes care and diabetes specialists. As a consequence,
clinicians have a limited time to interact and follow-up with patients. Social support is key to
successful self-management [32].

In addition, the regimen of multiple insulin injections with different doses depending on
carbohydrate intake, activity level, and frequent glucose measurements can cause stress and
exhaustion that sometimes leads to dose omissions and incomplete compliance. Collateral
psychological conditions might further affect the coherence of the planned reg@Be35][.
Moreover, recording, storing, compiling and analysing data requires education, effort and
tools to enable both clinicians and patients to understand and assess the state of the patient's
diabetes management. Recent studies urge for individualised treatment plans considering the
disease stage, bene ts, and possible complications [12, 36].

Furthermore, the desired support involves engagement of specialists in different elds
who might not always be available across the clinical centres. Likewise, avoiding later
complications might be aided by an intervention which enables continuous assessment rather
than waiting for the patients to visit the health-care team in 3-6 months to hand in their data

and negotiate their diabetes management state [37].
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More importantly, type 1 diabetes often remains in the shadow of its bigger counterpart
population of type 2 diabetes. Although type 2 shares many acute and long-term compli-
cations of type 1 diabetes, it is a very different disease, and does not require as intensive
acquisition of self-management skills. The developed solutions require consideration in the
design to provide a personalised and structured approach, optimised based on the established
intervention techniques speci c to each type. However, in both of the medical device indus-
try and research, the broader diabetes population have been considered in the design and
development processe3d. This might provide support and inclusion of the wider diabetes
population but does not meet the needs of patients and clinicians that are most times unique

to each diabetes type.

Proximal technologies in diabetes such as bolus calculators rely on accurate and con-
tinuous adjustments of the underlying set U8 1]. Furthermore, these devices fail to
provide features to personalise the settings that ts the practical reality of routine changes
in the daily life of a patient42]. Continuous glucose monitoring systems have provided a
more reliable data source for patients and clinicians. However, as with self monitoring blood
glucose (SMBG) data, the compilation including statistical and graphical inferences remain
varied among manufacturers which makes the interpretation, pattern nding, and re ective
learning a cumbersome task. There have been various efforts to standardise the views of
the presented analyses of the data{5]. However, these remain tailored towards clinical
use and complicated for the average patient. These shortfalls limit the uptake of proximal
technologies for clinical use and hinders the effective communication of the reviewed data

between patients and clinicians.

Medical device developers efforts have been somewhat limited in enhancing patients'
experience due to the lack of human factor engineering in their design procé§sahe
utilised plan based development life cycles has provided the procedures and factors for
compliance with standards and regulatio#g][ However, this has often resulted in products
that do not meet the needs of the end-users to maximise the bene ts and enhance the provided

care §8]. Furthermore, there is no established evidence of user-centric design or the ef cacy
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of the currently used technologies such as telehealth systems in type 1 diabetes management

outcomes [38].

Researchers' effort to develop relevant technology related studies such as telehealth in
diabetes has been undermined by the rapid shift in the technology land38ap8, 50].
Hence, the prolonged diabetes clinical pilots and trials are at constant risk of potential

irrelevance by the time of establishment of the study ndings, even possibly being obsolete.

Many proposed methods for decision support and predictions such as the estimation of
HbAlc levels are developed and evaluated in studies under burdensome circumstances for
patients and/or on a very selective populatibf-p3]. These impede adapting the methods

in clinical practice for wider use and bene t.

Sustaining the improvements gained through structural educational programmes are
hampered by the lack of tools to assess current insulin requirements, and psychological
support to cater for the continuous demands of everyday life with type 1 dial3&{&=]].
Therefore, to sustain the patient's engagement and their quality of life, continuous assessment
and negotiation of the self-care plan are requitef].[Shortfalls in social support, restricted
access to care, and nancial constraints result in a disruption in achieving the expected
self-management targetSq, 57]. The following objectives are outlined to address the
issues raised by advocating the use of telehealth to present a holistic platform that provides

user-centred solutions.

1.1.2 Research objectives

In the light of the above, it is deemed necessary to research the major in uential aspects of

type 1 diabetes management as outlined below:

» Guidelines and recommendationsinvestigating current practices and patients adher-
ence based on SMBG readings. This enables a better understanding of the behavioural
and glycaemic patterns to identify pitfalls. Also, to provide recommendations on

glycaemic targets to enhance engagement and reduce the exhaustion and anxiety expe-
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rienced by type 1 diabetes patients. This requires access to a comprehensive dataset on
SMBG data.

* Clinical outcome measures:improving on HbAlc prediction to provide a quicker
and continuous effective feedback on patients' glycaemic control. The requirement is
to provide a solution that is adaptable especially in low adhering patients to treatment

guidelines.

» Proximal technology: automating the contributing factors in employing technologies
such as bolus calculators in glucose meters and pumps that are at patients' disposal
to improve accuracy, context and reduce the burden on patients and clinicians. Itis
desired to develop an applicable method that can be implemented in proximal devices

with limited computing power.

* Distal technology: developing a holistic diabetes management platform to provide
inferences, tools and support through iterative processes to include the end-users for

better design.

* Clinical pilot trial: evaluating and enhancing the developed technologies to support

the DAFNEplus clinical pilot trial technological arm.

Ultimately, the thesis focuses on chronic disease management in adults/adolescents with
type 1 diabetes to improve self-care and clinical support. It is aiming to improve glycaemic
control, as measured by HbAlc, and reduce the risk of complications. Also, reducing care cost
by utilising modern technological advancement in smart-phones, wireless communication

and cloud-computing to offer a structured approach to inferences and decision making.

1.2 Methodology and Thesis Outline

To facilitate the exposition of the proposed solutions, the thesis is organised into 7 chapters.
Pivotal to satisfying the research objectives is to understand diabetes and its treatment.

Hence, Chapter 2 discusses various diabetes types and explores the current treatments and
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clinical practices for managing diabetes, especially type 1 diabetes. Since there are many
guidelines and recommendations for diabetes management, investigating their conformity
and applicability for patients in the current context of health care is explored in Chapter
3. Also, it investigates possible glycaemic control targets based on percentages in-range.
Furthermore, it proceeds by looking into patients' behavioural traits under out-of-range

glycaemic episodes. To this end, a novel dataset was introduced.

Following the previous analyses, Chapter 4 investigates the glycaemic patterns to identify
contributing factors on glycated haemoglobin Alc levels of patients. Arti cial intelligence
provided the opportunity to further explore the high dimensional time-series data of type 1
diabetes. The models were developed bearing in mind their practicality and applicability in

the real world where data are imperfect and sparse.

The work in Chapter 5 identi es diurnal patterns utilising type 1 diabetes generated data
to recommend changes in the time settings of the bolus calculators. The performance of
the developed model is demonstrated to reach experts' recommendations or exceed it. The
chapter progresses by exploring the current limitations and provides solutions utilising the

developed model.

Chapters 6 and 7 demonstrates the agile development of a telehealth system in a tech-
nology related clinical pilot trial for type 1 diabetes patients. Additionally, it explores the
various components of a holistic platform that tackles the challenges in type 1 diabetes care
and support factors. It presents the ef cacy of the system as measured by the usability and

clinical outcomes.

Finally, Chapter 8 provides a résumeé of the thesis. It discusses the importance of
translational engineering in diabetes care as demonstrated in the presented work. Also, it is
seen that the developed work provides a platform that paves the way for further improvement
to enhance the data-driven care model, reduce cost and most importantly improve the lives of
people with type 1 diabetes. Hence, its consideration for the use in the upcoming DAFNEplus

randomised controlled trial.
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1.3 Summary of Contributions

The research work presented in this thesis focused on delivering new user-centric and
applicable designs, analyses and models whereby the bene ciaries are both the patients
and their clinicians. The patient who has to manage the complex needs of diabetes disease
throughout their lifetime optimally; and the clinicians to prioritise their effort and resources

in an optimal way. The research carried out resulted in the following key contributions:

* A novel dataset of SMBG time-series data of type 1 diabetes patients

* A novel mid-term recommendation targets for glycaemic control based on proportions

of glucose ranges
* A novel analysis of patients adherence and glycaemic behaviour
» A novel look into HbAlc and its prediction based on glycaemic patterns

» A novel use of haemoglobin glycation index (HGI) measure and its relationship to the

HbAlc prediction

» A novel application of arti cial intelligence for HbAlc prediction using time series

data of type 1 diabetes patients and their glycaemic patterns

» A novel diurnal pattern recognition based method on SMBG measurement patterns for

change in settings of bolus calculators in pumps and glucose meters
» A successful pilot trial using the developed system in the study

* ldenti cation of components of a proprietary telehealth system using an iterative agile

development model while meeting the regulation and standards for the pilot trial

* Novel patient centred telehealth system that includes novel structured graphical infer-
ence and data interpretation; gami cation of components and e-Learning for type 1

diabetes which promotes proactive and data-driven care support model

» Selection of the work carried out in the thesis for the adoption in DAFNEpIus ran-

domised controlled trial
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1.4 Research Publications
The research presented in this thesis has resulted in the following publications:

» Eissa, M.R., Benaissa, M., Good, T., Hui, Z., Gianfrancesco, C., Ferguson, C. and
Elliott, J., 2022. Analysis of real-world capillary blood glucose data to help reduce
HbAlc and hypoglycaemia in type 1 diabetes: Evidence in favour of using the per-
centage of readings in target and coef cient of variation. Diabetic Medicine, p.e14972
[58]. (Chapter 3)

» Glycaemic patterns affect on HbAlc prediction in type 1 diabetes, Diabetes Care

Journal. (To be submitted)

* M. R. Eissa, A. Zaitcev, Z. Hui, T. Good, J. Elliott and M. Benaissa, "A Deep Neural
Network Application for Improved Prediction of HbAlc in Type 1 Diabetes," in IEEE
Journal of Biomedical and Health Informatics, doi: 10.1109/JBHI.2020.296 7536 [
(Chapter 4)

* M. R. Eissa, T. Good, J. Elliott and M. Benaissa, "Intelligent Data-Driven Model
for Diabetes Diurnal Patterns Analysis," in IEEE Journal of Biomedical and Health
Informatics, doi: 10.1109/JBHI.2020.2975927. [60] (Chapter 5)

* A holistic platform for diabetes self-management: a case study, IEEE Journal of

Biomedical and Health Informatics. (To be submitted)



Chapter 2

Diabetes care

Diabetes mellitus is a chronic disease characterised by a metabolic disorder that results in an
increase in the blood glucose levels. It is caused either by the lack of insulin secretion in the
blood or an abnormality in the cells' response to the insulin. It can mainly be categorised as
Type 1, Type 2 and Gestational Diabetes. In type 1 diabetes, the autoimmune system attacks
the responsible cells for insulin productiorb—ells—in the pancreas. Hence, patients
with Type 1 Diabetes are insulin dependent. In Type 2 diabetes, the insulin level is either
insuf cient or cells are resistant to the insuli®g, 23]. Gestational diabetes is prevalent in
pregnant women and usually is temporary to the pregnancy period.

The treatment for diabetes is to manage the disease. The main goal of diabetes man-
agement is to maintain the blood glucose level near normal to avoid complications. These
complications can either be short term such as hypoglycaemia (low blood glucose level),
hyperglycaemia (high blood glucose level) or long-term such as retinopathy (eyes), cardiovas-
cular disease (heart), peripheral vascular disease and cerebro-vascular disease, nephropathy
(kidney), neuropathy (peripheral nervous system). The scope of the review in this chapter
is de ned as the technologies in diabetes care, including basics of diabetes as a condition.
Therefore, a search was performed mostly on the Web of Science Core Collection, and Google
Scholar for a combination of terms such as; diabetes, technology, telehealth, telemedicine,

type 1, type 2, gestational, insulin, and arti cial pancreas.
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2.1 Background

The prevalence of Type 1 diabetes is increasing in the world. The rate of incidence varies
even amongst neighbouring countries. For example, Finland has a higher incidence than
Sweden [1].

Type 1 diabetes is diagnosed by having a fasting blood glucose level of greater than
7.0 mmol/L, and random blood glucose levels of greater than 11.1 mn&ljL Careful
diagnosis is crucial for the care-plan to avoid further complications. However, there is a
5-15% possibility of misdiagnosing the patient to Type 2 diabetes in adif}s$ymptoms
such as polyuria, polydipsia, ketosis, weight loss, age below 50-years, BMI below 25
kg=m?, and personal/family history of autoimmune disease are investigaBdy possible
candidate of diabetes experiences decreases in the response of C-peptide and an increase in
the uctuation of their blood glucose level. This is associated with substantial loss bf the

cells. At this point, the patient is insulin dependent [1](Figure 2.1).

Fig. 2.1 Type 1 diabetes progression through the logs adlls [1]



2.2 Self-management of Diabetes 13

The ability to retairb cell function is heterogeneous. Factors as genetic, age and intensity

of disease management can in uence the process.

2.1.1 Gestational diabetes

Gestational diabetes mellitus (GDM) is a glucose intolerance occurring during pregnancy
period B3]. It can be treated either using insulin therapy or diet modi cation. Also, it is
possible that the condition persists after the pregnabdly [n some cases, the patient has
had diabetes but has not been diagnosed before the pregnancy.

GDM occurrence in England, Wales, and Northern Ireland is one in 250 preg8ancy|
GDM increases the risk of macrosom@&b]. Macrosomia is the overnutrition of the foetus.

The increased transplacental transfer of maternal glucose increases the level of insulin
generated by the foetal pancreas. Insulin highly contributes to foetal growth. Moreover,
other contributing factors such as insulin resistance and in ammation can be identi ed by
the maternal metabolic environment. These factors increase the excess of glucose, amino
acid and free fatty acids [2].

Macrosomia increases the possibility of undergoing a cesarean delivery. Other associated
complications can be neonatal hypoglycaemia, jaundice, polycythaemia, and hypocalcaemia
[66, 67]. Long-term complications in infants born to mothers with GDM are: maintaining
impairment to glucose tolerance, obesity, and lower intellectual performé8eé(]. Figure

2.2 shows the impact of GDM on the infant in different stages.

2.2 Self-management of Diabetes

The disease management of type 1 diabetes includes frequent blood glucose measurement,
injection of insulin, healthy diet, and exercise. The patient performs a blood glucose mea-
surement before consuming a meal or snack. Then, the measured blood glucose level can be

interpreted as follow:

» Within normal range: Injects insulin regarding their carbohydrate intake using their

insulin to carbohydrate ratio.
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Fig. 2.2 Short-term complications in the offspring [2]

» Above normal range: Injects insulin regarding their carbohydrate intake plus a correc-

tive dose of insulin for their high glucose level

» Below normal range: They consume fast carbohydrate (i.e. "Jelly beans") to correct

their glucose level to normal.

On occasions of acute complications such as hyperglycaemia and hypoglycaemia patients

perform a further blood glucose test to determine the appropriate action.

2.2.1 Insulin analogue therapy

In Type 1 diabetes, insulin injection is used to replace the lack of production of insulin
in the body. Insulin causes glucose in ux into the cells using insulin receptors located on
the cells. Figure 2.3 shows the release and existence of insulin secretion in the body of a
non-diabetic person in response to food consumption. It includes insulin secreted at two
rates: basal insulin, and bolus insulin. Basal insulin is present throughout the day to regulate
lipolysis and hepatic glucose output. Bolus insulin is released to accommodate the increase in
glucose level in the blood by food intake. The bolus insulin is characterised by the magnitude

(concentration) and duration (active time). The magnitude is in response to the content of the
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meal, and the duration is dependent on the glucose form of the food. Constant adjustment to
the insulin is triggered by various factors such as the change in hormones, and activity levels.
It is an essential part of the process of maintaining the glucose level in its normaltind [

The euglycaemia range is between 3.5 to 7.5 mmol/L.

Fig. 2.3 Daily Insulin

This analogy has been used in multiple dose injection (MDI) therapy for diabetes man-
agement. However, insulin response varies among different people. A different insulin
dose is required for the same amount of carbohydrate intake by various patients. Therefore,
individualised insulin to carbs ratio is determined by the clinician and advised to the patient.
The patient uses the advised ratio or applies an adjustment to calculate the required insulin
dose for their meals. This injection deals with the spikes occurring during mealtimes. The
background insulin (long-acting insulin) for the newly diagnosed patient usually starts with

0.3U/Kg/day and later adjusted to accommodate the patient's need. Throughout the day,
constant blood glucose measurement is advised. Thereafter, an insulin dose is injected to
maintain the blood glucose level to a targeted range and close to the euglycaemia range.
Different insulin products have different responses. Figure 2.4 compares insulin types by
their peak effect and the time response. Implicitly, timely injections and blood glucose

measurements are vital in MDI therapy [72].
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Fig. 2.4 Insulin Comparison

Hyperglycaemia

The injected insulin analogue cannot provide the same action time for insulin of a non-diabetic
person. Hence postprandial hyperglycaemia can occur if the insulin injected does not correct
for the excess glucose. Also, insulin resistance can cause hyperglycaemia. The resistance
of the body to the insulin demands larger doses of insulin injections. Hyperglycaemia is

categorised as mild or signi cant hyperglycaemia based on blood glucose (BG) levels.

Hypoglycaemia

The risks of hypoglycaemia can increase if the timing and the amount of administered

insulin are not appropriate. Particularly, this raises concerns on nocturnal glucose levels.
Therefore, achieving euglycaemic control might increase the frequency of hypoglycaemia.
These are categorised as mild, signi cant, or severe episodes. In the cases of mild and
signi cant hypoglycaemia, the patient can self-manage the episodes by consuming rapid-
acting carbohydrates. However, severe hypoglycaemia, de ned as needing the help of a third

party to recover, includes confusion, loss of consciousness, seizures and coma.
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Diabetes and driving

The driving and vehicle licensing agency (DVLA) outlines the driving license requirements
for a person with diabeteg§]. Car and motorcycle drivers are in Group 1 while bus and
lorry drivers are in Group 2. The difference in these groups lies in the hypoglycaemia
occurrence and frequency of BG monitoring. Group 1 is required to have an adequate
awareness of hypoglycaemia. They are allowed to only experience a single episode of
severe hypoglycaemia in the preceding 12 months whereas in group 2, full awareness of
hypoglycaemia and no episode of severe hypoglycaemia in the preceding 12 months is
required. Further for group 2, DVLA requires patients to use glucose meters that can hold 3
months of glucose readings, demonstrate an understanding of the risks of hypoglycaemia
and perform two tests a day besides the 2-hour intervals of BG testing while driving or
intention of driving. Similarly, DVLA recommends group 1 to perform the 2-hour intervals
testing. Patients are required to report changes of their condition and suspend driving if they
experience a severe hypoglycaemic episode. These trigger a medical inquiry to assess the

eligibility for driving.

2.2.2 Proximal technology

Proximal technologies refer to electronic devices that operate in proximity to patients such

as glucose meters and insulin pumps.

Glucose meter

Frequent measurement of blood glucose is an essential part of diabetes self-management. A
glucose meter (glucometer) provides the tool to carry out this task. These are regulated by the
International Organization for Standardization (ISO) to receive the CE approval. The latest
update of the criteria was published in 2013 and the European equivalent of the standard was
adopted in 2015 as EN ISO 15197:2015. The 1S0:15197:2013 states:

"At least 95% of the system measurement results be witBiB3 mmol/L of laboratory

results at concentrations 6f 5.55 mmol/L and within 15% of laboratory results at
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concentrations of 5.55 mmol/L! Companies have to comply with the new standards within
36 months [74].
Nowadays, insulin pumps and continuous glucose monitoring (CGM) are increasingly

contributing to diabetes care.

Insulin pumps

Insulin pumps contain an insulin reservoir that infuses the insulin continuously under the skin
through a tube and cannulag). Itis also referred to continuous subcutaneous insulin infusion
(CSII). Insulin pumps are con gurable to administer insulin based on pre-programmed
settings. This provides a more accurate method (if the settings are correct) of insulin delivery,
particularly at night. For mealtime injections, the user can utilise the bolus advisor provided
in the handset of the pumps to aid with calculations. The potential advantages of the pumps

are reduced risk of hypoglycaemia and more exibility in insulin administration.

Continuous glucose monitoring

Continuous glucose monitoring (CGM) utilises sensors that measure the interstitial glucose
levels every few minutes (i.e ve minutesj§, 77]. Real-time CGM (RT-CGM) provides
alarms in the events of hypoglycaemia and hyperglycaeidp [These sensors rely on
continuous calibration by capillary blood glucose measurem&®s Additionally, the

active nature of the device (i.e. alarms) can result in irrelevant noti cations and be intrusive.
Flash CGM (FGM) are factory calibrated and passive that requires patients' scan of the
sensor to acquire a BG measurement (such as Freestyle L80te HGM are less costly

compared to CGMs.

Bolus calculators

Multiple daily injection therapy requires calculation of the insulin dd&@.[ The needed
dose is calculated based on the preprandial blood glucose, carbohydrate intake, insulin to
carbohydrate ratio, insulin sensitivity factor, BG target ranges and insulin-on-board. These

parameters increase the complexity of the calculation and can be challenging for people with
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low numeracy. Therefore, bolus calculators with prede ned settings of the aforementioned
parameters can reduce the burden, provide a higher exibility and increase the con dence
in bolus calculation. Bolus calculators are increasingly integrated into glucose meters and
pumps. However, to maximise the bene ts of the bolus calculators, continuous review of the

underlying settings are required [41, 81].

Arti cial pancreas

Employing the insulin pump and CGM in a closed-loop scenario introduces new possibilities.
This integrated closed-loop system is also referred to as the arti cial pancreas (AP). These
closed loop solutions therefore require a CGM, an insulin pump, and a control algorithm. The
control algorithm regulates the insulin delivery considering the BG levels, pharmacokinetics
of the insulin, and the possible absorption rate of carbs for a person. The control algorithms
currently developed are either based on model predictive controls (MPC) or proportional
integral differential controllers (PID). The main differences between the two approaches are:
the way the insulin requirement (e.g. insulin sensitivity, carbs to insulin ratios) is calculated
and also the extent in time where glucose levels are predicted. In some systems, the regulation
occurs when hypoglycemia is predicted, which triggers a shut down of the insulin supply.
In this scenario, since it is solely the scale down of insulin, hyperglycemia is not treated by
the algorithm, the closed-loop system is not realised. A complete closed-loop system can
be realised when an increase in insulin is also possible. Furthermore, a hybrid approach is
used where the person manually summons the amount of injected insulin for carbs, usually
using a bolus advisor. Therefore, a fully automated closed-loop system is achieved when the
needed insulin for meals is calculated only based on continuously measured glucose levels
[82]. The control algorithm is either hosted on the insulin pump or a handheld device. The
closed-loop systems can also be categorised based on their use of single hormone supply (i.e.
only insulin) or dual hormone (i.e. insulin and glucagon) for regulating BG levels [83].
Studies have tested the integrated closed loop for insulin injection during the night
to improve the overnight glycaemic control. It is shown that it can provide a safer and

more ef cient glycaemic control and reduces the hazard of hypoglycaemia compared to the
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traditional insulin pump therapy. But most of the bene t is overnight, as they struggle to

cope with carb loads during the day. [84—86].

2.2.3 Distal technology

Distal technology are the systems that offer remote servE#s These systems can include
telehealth (i.e. health delivery via telecommunications), mobile health applications, game-
based support, social platforms and patient portals. However, adopting such systems remains
challenging. The review of 141 randomised controlled trials (RCTSs) in telehealth for chronic
disease management identi ed that the evidence in their effectiveness is inconcrgive [
These effective (or ineffective) systems seem to be across different diseases. The study also
points out that most studies have been conducted in short periods (median of 6 months). This
is counter-intuitive to lifelong chronic diseases.

The ndings are also mirrored in numerous reviews and meta-analyses carried out in
diabetes telehealth [88-95]. In [96], the improved HbAlc in 111 RCTs showed statistically
signi cant but modest levels. Quanti ed heterogeneity of studies was higher than 60% which
points to the bias in the reported results of the studies. In addiBShppints out the high
attrition rate in the studies9{)] presents the need for including marginalised patients of
the traditional healthcare in telehealth studies. 94 gf rms the inconclusive evidence on
distal technologies and mentions that telehealth studies are mostly tailored towards type 2
diabetes. In94], the meta-analysis showed that the improvement was not consistent over
time; and it indicates the need for studies of long-term effects of telehe@iharjgues the
need for integrating the diabetes data of telehealth systems in electronic health records to
provide a consistent work ow for providers and bene t for patients in attempts to increase
the usability.

The review of 71 mobile applications and 16 mobile application articles showed most
available applications offer the primary features such as medication, blood glucose monitor-
ing, diet management and physical exercB#.[However, the applications suffered from
limitations. From the 71 applications, only 3 of them featured automated data collection.

Patients favour automated data entry compared to manual entry, thereby resulting in more
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data captured8]. Most applications did not incorporate educational material. Furthermore,
the data was not synced to the patient's record in health-care service for health care providers
to access. Another review of 10 salient apps also have concluded that the apps can be
bene cial; con rming patients being able to better track their glycaemic control with the
emerging trend of utilising smartphones for health support [99, 100].

A recent and more comprehensive review of distal technologies highlights the possible
irrelevance and redundancy of the studies due to the shift in the technology land3gjape [
It recognises the signi cant potential that such changes in technology can also provide.
Therefore, methods that can consider the pace of the technology whereby includes data-
driven designs utilising machine learning and arti cial intelligence capabilities have the

potential to transition the current care paradigm in type 1 diabetes.

2.2.4 Structured educational programmes

Educational programmes are utilised to inform the patient about diabetes and its requirements
for optimal management. This is to enhance patients knowledge and con dence in insulin
self-adjustment and carbohydrate counting. Among such programmes is dose adjustment for
normal eating (DAFNE)30]. DAFNE is facilitated by trained educators on a 5-day course.

Currently, more than 70 centres in the UK provide the programme [101].

2.2.5 In uence of lifestyle

Lifestyle is the behavioural patterns of an individual. These patterns are shaped by person's
characteristics, social interactions, socioeconomic status and environmental living conditions

[102].

Physical activity

The general bene ts of activity such as increase in well-being, lower risk of cardiovascular
mortality and obesity are transferable to diabetes patients. Also, higher levels of physical

activity have been shown to improve HbA1c level®8 104]. Exercise increases the insulin



22 Diabetes care

sensitivity which results in lower insulin consumptiotOf. However, the evidence of
the effect of physical activity in type 1 diabetes is scarb@d. Therefore, most of the

recommendations are based on studies on type 2 diabetes or the general population.

Nutrition

The diet options in type 1 diabetes person remains similar to the non-diabetic person. The
meal time injections of the insulin analogue allows for normal eating by adjusting the amount
accordingly LO7]. This is one of the points promoted by DAFNE to facilitate a non-restrictive
diet [30]. However, the risk of an eating disorder is higher among type 1 diabetes patients
in comparison to the non diabetic population. This adversely affects the compliance with

insulin administration [108, 109].

Alcohol

Alcohol consumption increases the risks of hypoglycaemia. Also, alcohol can in uence the

ability of self-management. This can result in noncompliance with BG testing and insulin

omission. Hence, it can have an adverse effect on glycaemic control and risk of diabetic
ketoacidosis (DKA) [110].

Psychological stress

Stress can result in hyperglycaemic episoddd]. Therefore, increased stress is associated
with dif culty in glycaemic control. The change in glucose levels varies among individuals

under stress; in some, this change is not noticeable [112].

Socioeconomic status

In type 1 diabetes, higher education and higher income are associated with lower complica-
tions such as renal disease and peripheral arterial disegséljgher education level was
associated with lower mortality. These associations can be mediated by lower adherence and

presence of comorbidities [57].
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2.3 Hope vs Hype

The ultimate hope of a diabetes patient is the cure of the disease. Perhaps more attainable
hopes are medical procedures that eliminate the burden of the disease or reduce its signif-
icance. To this end, many advances in the medical eld have shown promising progress.
However, the delivery of the information regarding these advancements might have resulted
in unrealistic hope among patients and their famillesJ. Among these hyped up treatments

are:

Prevention of diabetes There is evidence on preventing type 1 diabetes in animal models.
However, it is yet to be proven successful in humatisA] 115. The studies in human
beings have been carried out by screening the relatives of type 1 diabetes patients. This is
a resource-intensive process since 95% of the relatives would not possess the antibodies
[116. Also, it remains unclear the type of effective intervention to be tested on the identi ed

individuals.

Pancreas transplantation This type of transplantation was started in 1967 which later
showed a reasonable improvement in glycaemic contrbf,[118. Combining the pancreas
transplantation with kidney transplantation resulted in higher survival raie€k [As with

any transplantation procedure, the associated complications proved challenging; the risks
of acute rejection, the need for chronic immunosuppression, infectious complications are
among the morbidities of the procedure. More importantly, the recurrence of diabetes cannot
be ruled out. Another limiting factor is the shortage of donors that results in a long waiting
time. Furthermore, evidence of the risks, bene ts and cost-effectiveness of the transplantation

remains understudied [120].

Islet transplantation A less invasive alternative to pancreas transplantation is the islet
transplantation. Hence, it is associated with reduced risks of morbidity 122. However,
a need for a second islet transplantation or insulin therapy is possible since the transplanted

islets can fail to produce insulin. Additionally, the donor shortage is a hurdle to overcome.
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b-cell survival Studies have utilised immune interventions to increase the survival rate
of theb cells [115. However, this approach has not shown consistent improvement. The
patients experience a transient improvement in the retentibnogdls, however the later

progressive decline results in similar outcome to the control patients of the studies.

Immune tolerance Evidence of the success of immune tolerance in allergy is established
and the efforts to replicate their results in type 1 diabetes are under study. In this treatment,
patients are exposed to immune interventions for a period to increase the chances of entering
an immune tolerance state. This results in the body ceasing to attaokciles. In a study, a

6-day intervention resulted in preserving theells for 18 months. Also, a lesser insulin
need was reported among the intervention group in a 4-year follovt2@ [ Due to the lack

of suf cient data and follow-ups, the evidence is yet to be established for the effectiveness of
the applied methods. Additionally, immune tolerance is not proven to be successful in other

autoimmune diseases.

Arti cial pancreas  The closed-loop insulin delivery triggered by continuous sensing of

the glucose levels is a promising solution. In recent years, improvement in insulin analogues
and sensing of interstitial glucose levels has made the solution more viable. However, the
delays in glucose sensing and insulin action time remain challenging. This results in the
arti cial pancreas being costly and ineffective in unexpected situations such as increased
activity and meal consumption. Therefore, its use mostly has been for nocturnal control of

glucose levels.

2.4 Discussion

Despite the progress made in the medical eld, the hope of curing or eliminating the need
for intensive self-management remains unreachable. The current research endeavours are
promising, but the time needed to achieve these goals is unclear. Hence, alternative solutions

for the demanding type 1 diabetes needs are required. Additionally, efforts to help patients
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have the least risk of complications will increase their prospect of bene ting from future
developments or chances of a cure.

Any technology-related research is required to consider and evaluate the shift in the
technology eco-system. The technology is evolving based on Moor's law on a yearly basis.
Moor's law states that the increase in the ef ciency of technology intertwined with an
adjusted reduction in prices make the technology evolve and be afford24le Although
it might not be at the same pace, healthcare can use a similar concept to Moors law. This
will help the effective translation of technology in healthcare by optimising advancements in
technology and reduce costs.

In conclusion, type 1 diabetes patients have to continuously make medical decisions
throughout the day. The effective use of technology has the potential to help reduce the
burden, educate and provide social support to patients. Patient-centred systems can provide
reinforcement of learning, facilitate structured review tools, and if needed, the support of
clinicians. This has the potential to promote sustainability of self-care practices gained in the
structured educational programmes. Additionally, behavioural modi cation approaches are
needed to encourage patients to engage and adhere to the use and follow-up of the offered
technology. The possibility of such systems is becoming more feasible with the current
advances in technology. The thesis provides solutions to enhance translational technology in
type 1 diabetes self-management by capitalising on these advancements alongside the recent

developments on big-data and machine learning techniques.






Chapter 3

Glycaemic Targets and Behaviours

The Diabetes Control and Complications Trial (DCC7J[demonstrated the bene ts of
intensive treatment of type 1 diabetes in reducing the risk of long-term complications. It
showed that reducing HbAlc levels is associated with lower rates of diabetes complications,
such as eye, kidney and nerve damage. Self-monitoring of blood glucose (SMBG) facilitates
adjustments of diabetes treatment. Many guidelines and educational programmes are carried
out in the interest of optimising self-management for diabetes patients, as opposed to all
adjustments being healthcare professional initiated. Nowadays, SMBG results are utilised
to plan nutrition therapy, physical activities, reducing hypoglycaemia, and adjusting insulin
doses. Guidelines recommend the performance of SMBG tests before every meal and before
bed. Also, these guidelines outline SMBG target ranges before meals and before bed as an

intervention measure to try to achieve near-optimal HbAlc levels for diabetes patients.

Structured educational programmes are designed to train patients to perform SMBG
tests, estimate carbohydrate intake, administer insulin injections, plan exercise, and deal
with glycaemic events such as hypoglycaemia and hyperglycaemia. In addition, patients are
educated to self-manage their diabetes by reviewing and amending their treatment regimen
regularly. Patients are required to invest a considerable amount of time for their diabetes
management. However, adherence and engagement with the guidelines and treatment plans
remain challenging. Furthermore, success or failure to achieve better glycaemic control,

considering the associated effort can result in stress, and anxiety.
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A retrospective analysis of a novel dataset was conducted to evaluate diabetes man-
agement in the real world, examining the adherence to the guidelines and diabetes targets.
Additionally, more achievable targets and recommendations are explored to possibly increase
adherence and engagement of patients; thereby helping to reduce the associated anxiety and

stress with diabetes self management.

3.1 Background

Diabetes education is an essential part of diabetes management. It paves the way for patient
empowerment and their active informed engagement with the disease. These programmes
are designed for patients to attend after 6-12 months of diagnosis [23, 125].

Dose adjustment for normal eating (DAFNE) facilitates patients engagement and em-
powerment by goal-setting and problem-solving practices throughout a ve-day educational
course 126. DAFNE promotes the improved glucose control (HbAlc) by trained educators
during the course [127, 128].

The HbAlc test is recommended to be carried out every three to six m@3H2h 129.
Recently, the aim for the HbAlc level is established as 48 mmol/mol(6.5%) although
previously 58 mmol/mol was recommended. Also, National Institute of Health and Care
Excellence (NICE) emphasises personalisation of the targets based on the daily activities,
comorbidities and history of hypoglycaemia. To achieve the <48 mmol/mol HbAlc target,
performing at least four tests a day, before each meal and before bed is recommended. The
recommended glycaemic target ranges for SMBG tests are : 5-7 mmol/L before breakfast;
4-7 mmol/L before meals at other times of the day; and 5-9 mmol/L for 90 minutes or more
after the meal. Studies have shown an association between increasing the numbers of tests
and improvement of HbA1c leveld 30-134. Considering the outlined target ranges, it is
implicit to exhibit low variability. There have been studies showing increased variability is
correlated with higher HbAlc levels [52, 135-137].

Demands of diabetes can cause emotional stress which affects the patient's glycaemic

control, relationships in addition to its psychological rami catiod88 139. This can



3.1 Background 29

also occur when doctors and other health care professionals demand unrealistic expectations
from patients without fully understanding how dif cult it is to achieve stable blood glucose
levels at these target$4(. These can contribute to increased risk of hyperglycaemia and

hypoglycaemia in patients.

The over-correction of a hyperglycaemic excursion can potentially cause hypoglycaemia
[141]. Furthermore, incorrect treatment and follow up of each hypoglycaemic reading can
contribute to the increased risk of a hypoglycaemic reading shortly after the episode. The
recommendation for hypoglycaemia treatment is 15 g of fast-acting carbohydrates such as
"Jelly babies" followed by a retest in 15 minutes interval until the BG level surpasses 4
mmol/L [147. However, a recent study suggested a weight based on 0.3 grams of glucose/kg

is more effective in treating hypoglycaemic episodes [143].

NICE's recommendations and guidelines are evidence-based and designed to improve
diabetes quality of life and reduce acute and long-term complicats}s Pespite the
considered bene ts of adherence to the guidelines, many patients tend not to follow the
therapeutic tasks for various reaso8s, b5]. These reasons can be the burden associated
with tighter glycaemic control while perhaps little to no perceived bene t experienced.
Some might nd the glycaemic targets not realistic to their individual lifestyle and needs.
Others might understand the guideline as a recommendation rather than a treatment plan.
Fear of recurrence hypoglycaemic of episodes might affect their decision on treatment. A
gualitative longitudinal study of post DAFNE experience of patients with blood glucose
targets showed that patients nd the guidelines and the targets useful, structural and sensible
to use p4]. These targets enabled the patients to adjust their insulin doses appropriately.
However, patients changed the targets over time. These changes were applied to simplify the
targets (easier to remember), more attainable based on their lifestyle, to reduce the associated
anxiety, consolidate the feelings of failure and to avoid the possibility of hypoglycaemia.
NICE recommends against amending glucose tar@8ds129 even as a treatment for
recurrent hypoglycaemic episodes. Hence, it recommends closer monitoring and education
as a rst step; and on further intervention, incorporating technologies such as pumps or

sensors to help with diabetes management.
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Additionally, the HbAlc alone is not suf cient to describe the status of diabetes manage-
ment, especially for short-term (daily) and mid-term (two weeks) periods. More importantly,
studies have shown that only about 25% of patients with diabetes have a good understanding
of the HbA1c as their diabetes markddp-147]. There is also an association between
this understanding, HbAlc levels and self-care behaviours. Therefore, there is a need for
education and other relatable metrics that are easy for patients to understand and track.

There have been efforts to relate the HbAlc with average blood glucose levels to improve
the comprehension of the HbAlc test resuli$ [L35 148. The estimated average glucose
(eAG) translates the laboratory HbAlc result, reported in mmol/mol or %, to its equivalent
average BG levels in mmol/L5fl]. The eAG is widely implemented in diabetes management
software. However, the accuracy and generalisation of the methods are yet to be established
[149]. We also explore the shortfalls of eAG in details in the next chapter.

Alongside eAG additional markers of glycaemic control are reported on diabetes man-
agement software. Among these measurements are percentages of hypo, hyper and in-target
readings of SMBG. A study reported the percentages of in-target, hypo and hyper levels in
201 type 1 diabetes patients using Medtronic pumps for insulin deligryrhe BG data
were collected for the period of 14-28 days. The result of the study is presented in the table
3.1. Based on the reported results, the authors suggest a shift of focus from glycaemic target
range to proportions in-target. Nevertheless, the thresholds of these proportions whereby
various achievable HbAlc levels are obtained remain under-studied, e.g. for users delivering
insulin via pens.

TABLE 3.1

SIVASUBRAMANIYAM ET . AL. [3] REPORTED PROPORTIONS OF READINGS IN VARIOUS
GLUCOSE RANGES IN DIFFERENTHBA1C GROUPS

N=201 n=58 n=107 n=36
BG ranges / HbAlc
(mmol/L)/(mmol/mol) <58 58-74 75
<4 Hypo(%) 13.8+12.9 8.8+6.4  4.4+3.2
[4-10) In-Target(%)| 57.3+25.4 50.6+11.1 39.9+16.5
10 Hyper(%) 28.9+16.5 40.6+12.1 55.6+17.9
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3.2 Research Design and Methods

This retrospective analysis was performed to investigate the glycaemic patterns and be-
haviours of patients in the real world. Due to lack of a publicly available dataset that includes
SMBG and HbA1c result of many patients, we decided to generate a novel dataset. Data
wrangling algorithms150 were used to extract sparse data from various sources of data at
STH hospital. Due to the varying sources, the data were unstructured, in different formats
and missing key entities. Therefore, at rst the data were processed manually to a structured
format to enable an algorithm to identify the problematic data points (e.g. the key identi er
does not match in various sources, and different spelling of the names). After cleaning
the data, various data sources were compiled to optimise the raw data for data analysis.
Therefore, the algorithm produced an anonymous dataset including capillary blood glucose
readings and HbAlc measurements.

The latest HbAlc lab test and the prior 12-week SMBG readings were extracted for
the analyses, using participants' data only once. In the event of hypoglycaemia, since
participants are advised to retest within 15-20 minutes, any retest after a reading below 4
mmol/L within 30 minutes was excluded from the analyses of frequency of SMBG. In other
words, a hypoglycemic measurement, if followed by another reading within 30 minutes was
treated as a hypoglycemia episode rather than a hypoglycemia reading. Therefore, measures
based on hypoglycemic episodes help avoid the bias that is introduced by the retest due to
the clinical need.

The patients were strati ed based on the interquartile range of HbAlc; <58 mmol/mol,
58-74 mmol/mol and >74 mmol/mol. Then, the percentages of the readings in various
glucose ranges were calculated. Three glucose ranges were de ned for the measured BG
results: Hyperglycaemia >10 mmol/L, Hypoglycaemia <4 mmol/L and In-target (or In-range)
4-10 mmol/L.

The analysis continued with a more granular sub-levels of HbAlc to avoid bias based
on possible sample imbalance in the HbAlc groups; four HbAlc subgroups based on the
interquartile ranges were de ned: <58 mmol/mol, 58-66 mmol/mol, 67-74 mmol/mol and

>74 mmol/mol. To further de ne BG ranges the hypoglycaemia range was separated in two
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groups: signi cant hypoglycaemia (<3 mmol/L) and mild hypoglycaemia (3-3.9 mmol/L);
also, hyperglycaemia was split into two groups of signi cant hyperglycaemia (>15 mmol/L)
and mild hyperglycaemia (10-15 mmol/L).

The analyses performed in this study are divided into two sub-categories of target-ranges
and behaviours. In the target-ranges we analysed the followings for each of the HbAlc

subgroups:

» Proportions of data in various SMBG ranges: the percentages of the readings in the
different ranges of glucose levels were calculated for each HbAlc group. Due to the
assumption of independence in various statistical methods only the unique subjects

and their latest HbA1lc were extracted.

» The effect of signi cant and mild hyperglycaemia: using the robust linear regression
the relationship between the dichotomised hyperglycaemia range with HbAlc was

explored.

» The effect of signi cant and mild hypoglycaemia: using the robust linear regression
the relationship between the dichotomised hypoglycaemia range with HbAlc was

explored.
In the behavioural category, we analysed:

» Frequency of performing SMBG measurement: we were also interested in the testing
behaviour of patients to observe the frequency of BG readings and its effect on
different groups. This behaviour is analysed by looking into the relationship with

HbAlc, particularly the effect of increasing the number of daily tests.

 Fluctuations in glucose levels: we look at the relationship between HbAlc and vari-
ability in BG. We were also interested in the variability of BG measurements of each
HbAlc group. We further analysed the effect of variability on BGs on the occurrence

of the hypoglycaemia.

* The effect of over-correction of hyperglycaemia on hypoglycaemic episodes: we

investigate the effect of hyperglycaemia over-correction on both thresholds of >10
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mmol/L and >15 mmol/L in each dichotomised group of the HbAlc. The difference is
measured using a Kruskal-Wallis test followed by Dunn's post hoc correction for the

signi cance of the difference between each pair of HbAlc groups.

» The effect of over-treatment of hypoglycaemic episodes: Over-treatment of hypogly-
caemia may result in hyperglycaemic events for ranges >10 and >15 mmol/L. These
are presented for each HbAlc group and compared for signi cance using a Kruskal-
Wallis test, followed by Dunn's post hoc correction for potential difference between

the groups.

» The possible connection of increased hypoglycaemia episodes and hyperglycaemic
excursions in different time-blocks: the day is divided into four time-blocks. These
time-blocks' start hours are: 00:00, 06:00, 12:00, and 18:00. Then, the data are grouped
based on their timestamp for each time-block and the percentages of the results <4
mmol/L for hypoglycaemia are compared in each group. Additionally, the percentages

of readings in hyperglycaemia (>10 mmol/L) for each time-block are compared.

» Patients' hypoglycaemic treatment adherence to guidelines: each hypoglycaemia
reading and its following glucose reading was grouped to identify the behaviour of the
person when a hypoglycaemic episode occurred. A test within a 20 minute time period
was counted as a retest, adherence to the guidelines. Then, these adherence of people
was categorised to: mostly retest (retest >60% of their hypo results), sometime retest
(retest between 15% to 60% of their hypo results) and rarely retest (retest <15% of
their hypo result). Thereafter, these results are compared using a Kruskal-Wallis test

for the signi cance of difference.
Also, a sub-analysis was carried out to examine the effect of insulin pumps and DAFNE
educational programmes on glycaemic control.

Statistical analysis

The groups were compared where applicable using either Mann Whitney or Kruskal-Wallis

tests. Robust linear regressidrb[l] was utilised for the regression analysis to account for
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outliers. A hierarchical linear regression was conducted to examine the variance explained

by the covariates. Also, when applicable, the logistic regression results are reported.

To be able to carry out the comparison between the HbAlc groups, the independence of
the observations is required. Since a patient with more than one test can belong to different
HbA1c subgroups, we used the latest HbAlc test and the associated BG readings of each

unique user to mitigate any unintended bias in the selection process.

The statistical analyses were carried out in Python (statsmodels 0.9.0) and R (v3.3.3).

3.3 Results

In order to conduct the study, data wrangling algorithms were used to extract sparse data

from various sources at STH hospitab[J. This resulted in a comprehensive novel dataset.

3.3.1 Dataset

Anonymised data of 682 type 1 diabetes patient from Shef eld Teaching Hospitals NHS
Foundation Trust from the 4th quarter of 2013 to 4th quarter of 2015 were analysed. NHS
permission under STH Ref 20586 was granted for the use of the data. The data contained a
minimum of one HbA1c test per patient (maximum of 10) with a mean of 2.4 tests (total of
1886 tests). The demographics (means and standard deviation) were: age 46.5 (17.6) years,
BMI of 26.5 (5.07) kgh?, and diabetes duration of 23.6 (15.2) years. The majority of the
population were white European 90.2%. Female patients constituted 51.2% of the population.
The mean of glucose levels was 10.5(2.4) mmol/L, the standard deviation of 4.7(1.3) mmol/L

and frequency of SMBG 3.67(1.3) times per day. HbAlc levels were 66.4(13.2) mmol/mol.

In this chapter, the latest HbAlc lab test and the associated 12-week SMBG readings

were extracted for the analyses. Patients were strati ed based on their HbAlc levels.
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3.3.2 Percentage in-target

The percentages of the readings in the different ranges of glucose levels were calculated
for each HbAlc group. To be able to carry out the statistical comparison and determine
the signi cance of different levels between the groups, the unique subjects and their latest
HbAlc was extracted and the results are presented in the table 3.2. As detailed in the table,
the three groups are signi cantly different in their glycaemic control as measured by their
percentages of hypo, hyper and in-target glucose readings.

TABLE 3.2
UNIQUE SUBJECTS OF THE POPULATION PERCENTAGES OF GLYCAEMIC TARGETS PER

PATIENT. THE KRUSKAL-WALLIS HYPOTHESIS TEST WAS USED FOR DETERMINING THE
DIFFERENCE BETWEEN GROUPS

N=682 n=176 n=340 n= 166
BG ranges / HbAlc
(mmol/L) / (mmol/mol) <58 58-74 75 p-value
<4 hypo% 8.8+5.7 7.8£5.4 5.17+5.0| <0.0001
[4-10) in-target%| 61.3+15.1 44.8+11.8 30.4+10/1<0.0001
10 hyper% 29.8+14.1 47.2+13.1 64.3+13{1<0.0001

Figure 3.1 visualises the percentages of various glycaemic ranges in the HbAlc groups.
It is evident from the graph that the prevalence of hyperglycaemia increases with increasing
HbAlc levels. Also, the occurrence of hypoglycaemic episodes increases as HbAlc levels
are lowered.

We divided the glucose levels to a more targeted and granular range. Figure 3.2 outlines
the percentages in the new glucose ranges. The groups remain signi cantly different in their
glycaemic percentages of various ranges of glucose levels (p<0.05).

As presented in the Figure 3.2, percentages of the signi cant-hyperglycaemia approx-
imately doubles as the HbAlc progresses in the groups. We investigated the effect of
signi cant hyperglycaemia further by rst splitting the HbAlc groups by the interquartile
ranges into four groups. This helped reduce possible bias by the presence of imbalanced
population size between the groups of HbAlc. Table 3.3 shows the percentage of BG ranges

in each group. The groups remain signi cantly different (p < 0.05).
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Fig. 3.1 Percentages of readings above, below and in-range

TABLE 3.3
PERCENTAGES OF READINGS IN DIFFERENT GLUCOSE RANGES OF EACH
INTERQUARTILE HBA1C GROUP

N= 682

n=176

n=156 n=184 n=166

BG ranges / HbAlc
(mmol/L) / (mmol/mol)

<58

[58-66)  [66-75)  >=75

<3
[3-4)
[4-10)
[10-15)
15

Signi cant hypo%
Mild hypo%
In-target%

Mild hyper%
Signi cant hyper%

2.5%+2.8
6.2+3.8
61.3+15.0
22.2+9.2
7.5%6.6

2.6x2.7 2.3+3.1 1.5+2.4
6.3+4.1 4.4+2.9 3.6+£3.3
48.7+11.3 41.2+10.6 30.4+10.0
28.2+7.5 32.2+7.5 30.0%+8.2
13.9+8.4 19.7+10.7 34.2+15.0
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