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Abstract

Diabetes in its main categories, namely type 1, type 2 and gestational is determined by
different factors and characterized by several metabolic perturbations which makes it
a complex disease and whose burden is continuously increasing. Recently, innovation
has been given by the introduction of devices for continuous glucose monitoring
(CGM), which record glycemia every 1-5 minutes. In addition, the management of the
disease includes pharmacological therapy which, in cases of poor endogenous insulin
secretion, involves exogenous administration that to date occurs via multiple daily
injections or infusion pump. Over the years, however, attempts have been made to find
alternative and less invasive routes of administration, and an example is inhaled
insulin. Still, the gap between the potential of innovative digital health solutions and
their actual development is still large and has not yet crossed all open issues in the
diabetes field.

In this context, the objective of the research carried out was to combine model-
based and feature-based data-driven approaches to develop innovative digital health
technologies aimed at improving the disease prevention and at optimizing its diagnosis
and therapy. This research question is expressed in the different developed approaches
that have been applied starting from two different sources of metabolic data, that are
standard clinical data and CGM data.

After briefly introducing diabetes pathology and its management and
treatment, Chapter 2 is dedicated to the description of pure physiological system
modeling methodologies that have therefore been developed to extract significant
parameters from standard clinical data (intravenous and oral glucose tolerance tests),
also exploring regularization techniques to deal with identifiability problems. It will
be shown that model-based parameters allow per se to gain knowledge on the
pathophysiology of diabetes and to quantitatively assess physiological processes (i.e.,
insulin clearance, a-cell insulin sensitivity) involved in disease development and

progression.
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Chapter 3 investigates the possibility of considering the above-mentioned
clinical data and combining modeling and data-driven methodologies to develop a
digital prevention framework in the field of gestational diabetes to identify women at
greater risk of type 2 diabetes progression. Starting from a dataset containing model-
based features it will be shown what are the relevant features that could play a role in
the progression.

In the case of CGM data, characterization in terms of features requires the
extraction of the so-called "metrics". Given the lack of guidelines on this topic, Chapter
4 aims at standardizing the calculation of the multiplicity of metrics available by the
different software solutions (13 in total) to be used in the subsequent steps of the
research.

Then, in Chapter 5 the potential of such metrics is explored through the
formulation of feature-based machine learning approaches laying the foundation for
an integrated diabetes prevention/management multipurpose tool for: i) innovative
diagnosis and early identification of complications (i.e., diabetic retinopathy) ii)
management of open problems related to replacement therapy (i.e., hypoglycemia
from hemodialysis) and to insulin therapy (i.e., hypoglycemia from physical exercise),
leading to the formulation of a dedicated metric called HIKE.

Chapter 6 relies again on the use of mathematical models and is framed in the
field of pharmacological therapy, particularly focusing the attention on the open
problem of quantifying the exogenous insulin that reaches the -circulation
(bioavailability). An in-silico approach based on dynamic modeling is here developed
using meal tolerance test data following inhaled insulin administration and finally,
Chapter 7 summarizes the main findings, together with providing a hint about future

developments.
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1.1 Diabetes development and progression

1 Introduction

Diabetes is a chronic metabolic disease characterized by a condition of high blood
glucose that occurs when the pancreatic beta cells essentially fail to secrete insulin or
lose the ability to adapt to the degree of the sensitivity to insulin of the body tissues.
Nowadays, it affects more than 463 million people and its prevalence is expected to
rise up to 700 million people in 2045. Moreover, fluctuations in blood glucose level
characterizing diabetic patients are strongly associated with the onset of further
complications, thus increasing its socioeconomic burden (10% of global health
expenditure is spent on diabetes for a total of around USD760 billion) [1]. For this
reason, an early detection of the disease and its complications together with an
optimized management is desirable. In recent years, cutting-edge technologies like
new devices, drug delivery systems, and software have been introduced in the field
and started improving diabetes management. However, the gap between the potential
of innovative digital health solutions and the actual development of the latter is still
very large and has not yet crossed the numerous open issues in the diabetes field. This
chapter aims to briefly describe diabetes pathology and its management and treatment,
giving an overview of newly developed diabetes technologies and providing the reader

with the context in which the thesis is intended to encompass.

1.1 Diabetes development and progression

Diabetes is a group of metabolic diseases characterized by the presence of high levels
of glucose in the blood, a condition known as hyperglycemia. Chronic hyperglycemia
is associated with the development of long-term complications due to dysfunction and
failure of different organs. In healthy individuals, insulin is an hormone devoted to the
regulation of blood glucose homeostasis, being responsible in promoting glucose
transport from the blood to the main glucose dependent tissues. The pathogenic
processes at the basis of diabetes development are several, spanning from a deficiency

in insulin secretion by the B-cells of the pancreas to the tissue resistance to the action



1 Introduction

of insulin (i.e., insulin resistance) and the altered insulin removal from the blood (i.e.
insulin clearance) [2]. The impairment of one or more of these processes finally lead
to hyperglycemia.

The standard criteria for the clinical diagnosis of diabetes are based on the
evaluation of the levels of plasma glucose (PG), either in fasting conditions (FPG) or
2-hours after the administration of a 75 grams dose of glucose (2h-PG) during an Oral
Glucose Tolerance Test (OGTT) or based on assays of glycated hemoglobin (HbA1c),
an established biomarker of glucose control. The American Diabetes Association

(ADA) set the diagnosis of diabetes in case of one of these criteria is met for two times

[3]:

1. FPG > 126 mg/dL (> 7.0 mmol/L), with 8 or more hours of no caloric
intake;

2. 2h-PG =200 mg/dL (= 11.1 mmol/L) during an OGTT;

3. HbAIlc > 6.5% (= 48 mmol/mol);

4. random PG > 200 mg/dL (> 11.1 mmol/L) in presence of classic symptoms

of hyperglycemia or hyperglycemic crisis.

Classification of diabetes in its subtypes may be complex, however, a brief description
of the most common types and of the main complications that can arise as a result of
this condition is relevant for the purpose of the thesis and thus is provided in the

following paragraphs.

1.1.1 Type 1 diabetes

Type 1 diabetes (T1D) accounts for the 5-10% of all diabetes cases and is mainly due
to an autoimmune reaction of the body which results in the destruction of the B-cells
of the pancreas. Although this type of diabetes was associated to youth, it is now
commonly known that its onset can occur at all ages. The inability of the B-cells to
secrete insulin translates into the impossibility to maintain blood glucose homeostasis,
resulting in hyperglycemia. Exogenous insulin administration is the primary therapy
to maintain glucose levels as close as possible to physiological ranges and counteract
hyperglycemia. However, insulin dosing exposes to a higher risk of glucose drop under

critical levels (PG <70 mg/dL), a condition known as hypoglycemia. This condition is
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associated with a higher risk of morbidity and mortality and it is characterized by short
term symptoms i.e., confusion, loss of consciousness, blurred vision and seizures,

which can also be unperceived, thus causing anxiety to the patients.

1.1.2 Type 2 diabetes

Type 2 diabetes (T2D) is the most common form of diabetes, accounting for 90-95%
of all diabetes cases and affecting about 10.5% of the world adult population [4].
Although it is more common in adults, also in this case it can have its onset at all ages.
The first stages of the disease are characterized by insulin resistance which in turn
leads to the progressive loss of adequate B-cell insulin secretion with subsequent
hyperglycemia. Other physiological processes that may be involved in T2D
pathophysiology are for example abnormalities in insulin clearance [3]. T2D is usually
preceded by a condition called prediabetes, characterized by hyperglycemia in the
form of impaired fasting glucose, defined as PG from 100 to 125 mg/dL (from 5.6 to
6.9 mmol/L) and/or impaired glucose tolerance, defined as 2h-PG during an OGTT
from 140 to 199 mg/dL (from 7.8 to 11.0 mmol/L) and/or HbAlc from 5.7 to 6.4%
(from 39 to 47 mmol/mol), thus still not recognizable as diabetes but with an increased

the risk for its development [2].

1.1.3 Gestational diabetes

According to the most recent definition, gestational diabetes (GD) is a diabetes
diagnosed in the second or third trimester of pregnancy that was not clearly overt
diabetes prior to gestation. This condition usually resolves at the end of the pregnancy
but exposes women to a higher risk to experience it again in other pregnancies and to
develop T2D later in their life [3]. It is straightforward that the determination of factors
influencing development of T2D after GD may also shed light on factors determining

this condition and potentially accelerate opportunities for its prevention and treatment
[5].
1.1.4 Maturity-onset diabetes of the young

It is important to have in mind that identification of diabetes type is not always

straightforward. An example could be that of individuals with maturity-onset diabetes
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of the young (MODY) who are commonly misdiagnosed as having type 1 diabetes.
MODY is a form of diabetes which accounts for the 1-2% of all diabetes cases and is
characterized by impaired insulin secretion but for most cases no or minimal
impairment in insulin action, being it due to inherited abnormalities at specific genetic
loci, that cause B-cell disfunction and subsequent hyperglycemia onset usually at an
early age. The main reported forms are hepatocyte nuclear factor (HNF)-1a (MODY
3), HNF-4a (MODY 1), HNF-1p and Glucokinase (GSK)-MODY (MODY 2) [3].
Among all, MODY 2 is likely to be misdiagnosed as GD since its mild hyperglycemia
is often detected during pregnancy. Especially in this latter case the diagnosis, achieved
through genetic screening, is crucial since it has been shown that by avoiding glucose-

lowering therapy patients are free from developing complications.

1.1.5 Complications of diabetes

The main acute complications of diabetes include the previously defined conditions of
high and low blood glucose, i.e., hyperglycemia and hypoglycemia, respectively,
together with other conditions that represent life threatening events, such as diabetic
ketoacidosis (DKA) and hyperosmolar hyperglycemic state (HHS). DKA occurs in
conditions of very high blood glucose when the buildup of acidic ketone molecules as
fat stores are burned to provide energy. If progressive, DKA can cause metabolic
problems and lead to coma or death. HHS is a medical emergency which occurs only
to patients with T2D and is primarily characterized by very high glucose level (above
600 mg/dL) and severe dehydration.

On the other hand, hyperglycemia condition is associated with the development
of long-term or chronic complications due to dysfunction and failure of different
organs. Long-term complications of diabetes are usually divided into macrovascular
and microvascular. Macrovascular complications include stroke, coronary heart
disease and heart failure, atherosclerosis, and peripheral arterial and cerebrovascular
disease. Microvascular complications include retinopathy with potential vision loss;
nephropathy leading to renal failure; peripheral neuropathy with risk of foot ulcers,
amputations, and Charcot joints; and autonomic neuropathy causing gastrointestinal,

genitourinary, and cardiovascular symptoms and sexual dysfunction. Moreover,



1.2 Diabetes management and therapy

emerging disorders have been recently identified, including associations with cancer,
infections, functional and cognitive disability, liver disease and affective disorders [6].

Among all the possible complications, as this work does not focus only on this
aspect, the ones that will mainly be addressed will be the problem of hypoglycemia

and diabetic retinopathy; however, an overview has been provided for completeness.

1.2 Diabetes management and therapy

Diabetes management generally includes recommendations for a healthy lifestyle
together with the prescription of physical exercise; then, the primary and lifesaving
treatment for T1D, consists in insulin administration, sometimes used also in T2D and
GD when oral medications fail to achieve targeted outcomes. Insulin is usually
administered via insulin pens or infusion pumps. Over the years, however, many
attempts have been made to find alternative and less invasive routes of administration,
and an example is that of inhaled insulin, currently approved for use only in the USA
and produced by the company MannKind. Moreover, regular blood glucose
monitoring is of major importance since external administration of insulin expose to
the risk of experiencing hypoglycemia. Self-monitoring of blood glucose is done
through finger pricks or, thanks to the development of new technologies, is
increasingly performed via Continuous Glucose Monitoring (CGM) devices normally
placed in the belly or in the arm and which continuously sample interstitial glucose
every 5 minutes. Detailed description of such diabetes management technologies is

provided in the following paragraphs.

1.2.1 Continuous Glucose Monitoring (CGM)

Over the past two decades, the advancement of technology in the field of blood glucose
monitoring has led to the extensive use of continuous glucose monitoring (CGM)
devices, which are wearable devices equipped with a minimally invasive sensor, i.e.,
transcutaneous needle type or implantable, a transmitter and a receiver or smart device
that allow data storage and display [7]. Before the development and spread of CGM
devices, the most used method for checking that blood glucose levels were inside safe

ranges was the self-monitoring of blood glucose (SMBG), consisting of a single
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measurement point of capillary blood glucose that was performed 5-6 times per day.
SMBG is done through finger pricks that after pricking the fingertip require the user
to place a small blood drop on top of a test-stripe and to insert it into a glucometer in
order to see the punctual blood glucose concentration [8]. This method is known to
cause discomfort and subsequent poor patient compliance; its major limitation,
however, is the impossibility to ensure a continuous glucose tracking over time. On
the contrary, CGM systems are capable to provide measures of interstitial glucose
throughout the day, e.g., every 5 minutes. The electrochemical sensor inserted in the
subcutaneous tissue transduces the glucose concentration in the interstitial fluid into
current, the transmitter to which it is attached, sometimes part of the same hardware
and sometimes separable from the disposable sensor, sends the information to an
external receiver that converts the signal into blood glucose concentration and allows
frequent storing of data through the dedicated apps. An example of CGM system is

shown in Figure 1.

Figure 1: Example of integrated CGM sensor and transmitter, the Freestyle Libre 3, on the left, with
two different kinds of receivers. In the middle the Freestyle Libre 3 reader and on the right a smartphone.
https://www.freestyle.abbott/

These devices faced progressive refinement in terms of accuracy (reaching a mean
absolute relative difference lower than 8%), comfort (smaller dimensions reached less
than 2 cm), wearing time (from 7—14 days to up to 180 days for implantable ones) and
ease of use. Thanks to that, this technology is nowadays used not only in addition but

also in replacement to the standard SMBG [9], [10], [11]. Indeed, it have been not only
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used among adults and adolescents with T1D but also people with T2D and diabetes
in pregnancy[12], [13], [14], [15], [16], [17].

Main advantages of CGM technology rely on the possibility to get real time
alarms of impending risk conditions, and on the potential use of this technology in
conjunction with others, e.g., in the case of artificial pancreas that will be furtherly
presented in the next subchapter among innovative digital health technologies for
diabetes. Use of CGM technology has been also associated to a significant reduction
of pain and discomfort in a cohort of young patients with type 1 diabetes [ 18] and with

controlled glucose variability and patient’s lifestyle improvement [19].

1.2.2 Insulin therapy

Insulin is the main hormone devoted to glucose control, i.e., glycemia maintenance
inside optimal ranges and it secreted by the pancreatic B-cells when blood glucose
concentration rises. When there is an impairment in its secretion, exogenous insulin
administration is used to counteract hyperglycemia and to maintain blood glucose
levels within a narrow range; in particular, it represents the primary and lifesaving
treatment for T1D [20] and is used in T2D and GD when oral antidiabetic medications
fail to achieve adequate glucose control [21], [22]. Insulin regimens usually aim to
mimic physiology as much as possible and involve several components: basal insulin,
usually the same day to day, provides background insulin levels; mealtime (or
prandial) insulin, used to cover the intake of carbohydrate and other macronutrients
and whose amount is usually manually computed in order to match the food that is
going to be consumed; and correction insulin, to treat hyperglycemia and bring blood
glucose back to normal ranges. In case of injection-based therapy, multiple daily
injections (MDI) of subcutaneous long-acting insulin are required for basal insulin,
while rapid-acting or ultra-rapid-acting insulin can be administered for mealtime and
correction insulin boluses. In case of continuous insulin infusion (CII) therapy via
pumps, continuous subcutaneous infusion combined with manual mealtime boluses of
rapid-acting insulin are administered. Currently, the most diffused insulins worldwide
are recombinant human insulin or human insulin analogues.

MDI therapy can be administered through vials and syringes, or with insulin

pens. The latter has now its new version, namely smart pen, which consists in a
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technology that can take track of previous insulin injections. Smart pens can also
communicate via Bluetooth with other devices where information is stored and where
it is also possible to perform computation of the right amount of insulin required after
a certain meal intake or where remind alerts can be delivered to the user. For what
concerns CII therapy, different insulin pumps exist, mainly categorized in those with
a fine external tube that connects the pump to the cannula and the patch or mini pumps,
where the tube is not present or very short and the pod is attached to the skin. Similarly
to smart pens, current insulin pumps also include calculators that allow obtaining
personalized insulin to carbohydrate correction factors to determine the proper insulin
bolus [20].

As a further step toward technology, sensor augmented pump (SAP) therapy
can be obtained by combining pumps with CGM in a way that insulin infusion is
suspended when the CGM detects low blood glucose or predicts that glucose will
decrease within the next 30 minutes. Moreover, by combining CGM and insulin pumps
with closed-loop algorithms fed with CGM, meal and insulin information, a step
forward have been made in the automation of insulin delivery, giving birth to the
technology also known as “artificial pancreas”. At present, hybrid closed-loop systems
are available, that automatically deliver basal and correction insulin but still require
manual mealtime insulin boluses. In parallel with hybrid closed-loop systems, do-it-
by-yourself (DIY) systems have been developed without approval from regulatory
bodies, where the control algorithm is usually freely available on the internet and can
be autonomously used. However, fully automated closed-loop systems are still under

development and will expectedly be available in the next few years.

1.2.3 New insulin delivery routes

Although insulin is typically delivered by subcutaneous injection, alternate routes of
administration are also used including peritoneal delivery via intraperitoneal catheter,
currently available in some European countries [23], and pulmonary delivery via
inhalation, approved in the United States. Other attempts have been made with
transdermal, oral and rectal delivery routes, but without reaching clinical use [24],
[25], [26]. The first inhaled insulin was Exubera (Pfizer), FDA approved in 2006 and
discontinued in 2007 due to the low sales. Then, Afrezza (Mannkind) inhalation
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powder, a rapid-acting insulin based on human insulin formulation, was FDA approved
for mealtime use in 2014 and it is nowadays the only inhaled insulin on the market, in
the form of Technosphere® Inhaled Insulin (TT).

With respect to subcutaneous insulin delivery, pulmonary inhalation has the
advantage of being noninvasive. Moreover, in addition to less burden to the patient,
inhaled insulin has demonstrated advantages compared with subcutaneous insulin in
treating patients with T1D and T2D [27], [28]. These include a faster onset of action
and a more rapid return to baseline, possible thanks to the large alveolar surface area
that allow a rapid absorption in the systemic circulation, a reduction in the incidence
of hypoglycemia and improvement of glycemic control [29], [30], [31]. The unique
pharmacokinetic (PK)/pharmacodynamic (PD) properties of TI has made this product
a valid alternative capable to mimic the physiological metabolic effect that insulin
should have in response to a meal. Of note, its use is not recommended in case of

respiratory problems or for people who smoke.

1.3 Innovative digital health technologies and clinical decision

support systems (CDSS) in diabetes

The big amount of diabetes data generated from the diffusion of CGM, insulin pumps,
artificial pancreas, and other wearable technologies raised the need and the opportunity
to develop different digital health technologies in the field of diabetes, encompassing
both digital care and digital therapeutics solutions. The use of connected devices has
given the possibility to clinicians to remotely monitor patients thus increasing
telehealth monitoring seeking to reverse metabolic impairments. Clinical trials data
are no longer the sole source of data to inform decisions since they are now
supplemented by real-world data and artificial intelligence (Al) represents a candidate
tool for the development of clinical applications to diabetes. Al started to be deployed
in the prediction of short-term glycemic changes to automate part of the therapeutic
decision typically performed by a human, such as in the case of closed-loop insulin
delivery systems [32].

Besides artificial pancreas, the use of Al also started to be used to suggest

lifestyle and behavioral decision support, to predict the risk of developing diabetes,
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optimize treatments for people with diabetes, and diagnose diabetic complications in
their early, treatable stages, obtaining several positive outcomes. Indeed, a number of
software solutions using CGM data in order to monitor risk biomarkers have been
developed and achieved important results (i.e., improvement in glycemic control).
Digital therapeutic strategies are also increasingly being deployed as they provide
clinical decision support to tailor the dose and type of care to individuals with diverse
needs and health statuses [33], [34]. All these technologies can be viewed as clinical
decision support systems (CDSS), that usually comprise a software aimed to aid
clinical-decision making, in which individual patient data are retrieved and evaluated
against evidence based rules, and in this case the system is known as knowledge-based
CDSS, or, on the other hand, against Al, machine learning (ML), or statistical pattern
recognition, and in this case the system is known as non-knowledge-based CDSS. The
final output usually provides patient-specific assessments or recommendations that are
finally presented to the clinician [35].

However, the gap between the potential of innovative digital health solutions
and the actual development of the latter is still very large and has not yet crossed all
open issues in the diabetes field. In particular, the next paragraphs will give a definition
of what is intended in this thesis for “model-based” and “feature-based data-driven”

CDSSs, starting from two different sources of data.

1.3.1 Different sources of data: challenge tests and CGM

Among all the different sources of data that can be retrieved to be used in the
formulation of solutions for diabetes there are standard clinical data obtained from
experiments involving challenge tests, and the data collected from CGM devices.
These data are used both in clinical settings (e.g., in the case of OGTT for the diagnosis
of diabetes or CGM used to monitor glucose in the management of diabetes) and in
research contexts.

In addition to OGTT experiments, challenge tests also comprise the
intravenous glucose tolerance test (IVGTT) and the mixed meal tolerance test
(MMTT). They consist in the administration of a standard glucose dose intravenously
or orally (for IVGTT and OGTT respectively), and of a standardized mixed meal
consumption (for MMTT), all followed by the collection of blood samples for some

10
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hours after the stimulus (varying from 2 to 5 hours in relation to the test and the
protocol), for the measure of glucose and, in some cases, insulin and other
hormones/peptides [36], [37], [38]. Even when frequently sampled, challenge test data
do not usually reach a number of measurement data points higher than some tens in
the single individual, differently from CGM recordings, that are sampled every 15 or
5 minutes, providing almost 288 samples per day. Challenge test, on the other hand,
are collected in very controlled conditions and after standardized specific stimuli,
while CGM are generally acquired in free living conditions, even if with the possibility
of involving standardized protocols, e.g., in research context.

In view of providing support to the clinical decision, different approaches may
be used to extract information from individual data, that can be subdivided into two

macro categories [39]:

e physiological system modeling, which attempts to represent with a
certain level of approximation the underlying physiological system by
exploiting a priori knowledge;

e data-driven modeling, which mathematically describes the data without

explicit correspondence with the underlying physiology.

The two approaches can also be integrated and combined to fit the data analysis to the
specific purpose of the single application [40]. Thus, one could envisage a framework
exclusively based on system modeling and intended to gain knowledge on the
pathophysiology of a certain condition in one side, or another that combines the two
approaches using in series system modeling to extract relevant parameters that then
are used to feed data-driven approaches to obtain the inference engine of the final
CDSS, until arriving at the other end of the spectrum to full data-driven approaches.
In relation to the two sources of data on which the focus has been made, physiological
system modeling certainly may apply to challenge test data, as they have been already
extensively coupled with mathematical modeling methodologies for the assessment of
important metabolic parameters which cannot be directly measured noninvasively
[41]. Application of system modeling to CGM data have been also explored in the
literature, mainly focusing on blood glucose forecasting and simulation [42]. Although

full data-driven approaches may apply on CGM data due to the large number of data

11
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points of raw CGM timeseries [43], the extraction of information in the form of metrics
from the CGM data is an interesting opportunity to transform and reduce data
dimensions. The next paragraphs will detail how were articulated the building blocks

of the approaches that will be presented along the thesis.

1.3.2 Definition of model-based CDSS

As previously pointed out, physiological system modeling may allow, by itself, to gain
insights into metabolic processes, thus providing knowledge that can be exploited in
multiple ways, i.e., to better understand the pathophysiological mechanism that are
related with diabetes, to quantify metabolites that are not directly measurable, to
examine experimental design. Such information could be relevant for enlarging the
knowledge base of CDSS, however, it may also enable an hybrid approach, different
from the first one. Indeed, it is possible to exploit the information extracted through
physiological system modeling by feeding ML models, thus combining the first
approach with a data-driven one. In this case, the so known feature extraction process
coincides/overlaps with the application of system modeling techniques. The two above
mentioned approaches will be pigeonholed with the keyword “model-based CDSS”, to
reference applications that involve the use of mathematical modeling of the system

under study.

1.3.3 Definition of feature-based data-driven CDSS

Full data-driven approaches are also known as black-box approaches since they
describe input-output relationships without specifying the underlying mechanisms.
While deep-learning methodologies usually take raw data as input data and are capable
to autonomously learn some representative features through the training process, the
traditional ML-based approaches usually rely on handcrafted feature extraction
processes to transform input data before embarking on analysis. Even when not relying
on physiological system modeling, some prior knowledge and expertise are still
needed. In the case of CGM data, for example, features from different domains, namely
CGM metrics, can be extracted. This first step then allows, when moving on to the
analysis of the data that will feed the inferential machine of the CDSS, to obtain

interpretable results and at the same time reduce computational costs. Thus the use of
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a handcrafted feature-extraction step combined with a data-driven analysis through
ML will give rise to the second keyword that will characterize some of the approaches
developed, that is “feature-based data driven CDSS”.

In an effort to let the reader figuring out the path that have been followed to
develop the approaches that will be presented in the following chapters, a pictorial

representation of the adopted framework is summarized in Figure 2.
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Figure 2: Summary framework of the carried out approaches.

1.4 Aim and outline of the thesis

As detailed in the above sections of this first chapter, diabetes in its main categories,
namely: type 1 diabetes, type 2 diabetes and gestational diabetes is determined by
different factors and characterized by several metabolic perturbations which makes it
a complex disease and whose burden is continuously increasing. In recent years, a
strong impetus to innovation has been given by the introduction of devices for
continuous glucose monitoring (CGM), which record glycemic values every 1-5
minutes. In addition to blood sugar monitoring, the management of the disease
includes pharmacological therapy which, in cases of poor endogenous insulin
secretion, involves exogenous administration that to date occurs via multiple daily

injections or via infusion pump. Over the years, however, many attempts have been
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made to find alternative and less invasive routes of administration, and an example is
that of inhaled insulin, currently approved for use only in the USA and produced by
the company MannKind. However, despite the introduction of new diabetes
technologies, it is a fact that individuals with diabetes still achieve suboptimal
outcomes, and for this reason there is an increasing focus in translating evidence-based
diabetes prevention and therapy into validated digital health technologies.

In this context, the objective of the research carried out was to develop a
combined model-based and feature-based data-driven approach in the field of
innovative digital health technologies for diabetes and aimed at improving the disease
prevention and at optimizing its diagnosis and therapy. This research question is
expressed in the different developed approaches that have been applied starting from
two different sources of metabolic data, that are challenge data and continuous glucose
monitoring data.

To this end, Chapter 2 is dedicated to the description of pure physiological
system modeling methodologies that have therefore been developed to extract
significant parameters from standard clinical data (Intravenous Glucose Tolerance
Test, Oral Glucose Tolerance Test), also exploring regularization techniques to deal
with identifiability problems. It will be shown that mathematical modeling has the
power of extracting in a non-invasive manner parameter of utmost physiological
importance that allow per se to gain knowledge on the pathophysiology of diabetes
and to quantitatively assess physiological processes (i.e., insulin clearance, alpha cell
insulin sensitivity) involved in the disease development and progression. In detail, the
modeling approaches will be applied to different sets of data for each case, with the

following objectives:

e to quantitatively assess insulin clearance specific contributions (i.e.,
hepatic and extrahepatic) in women with a history of gestational
diabetes, also considering a simplified experimental setup;

e to quantitatively assess the above mentioned contributions of insulin
clearance by exploiting an animal model which allow to investigate
potential differences in the presence or absence of the effect known as

incretin effect;

14
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e to quantitatively assess alpha-cell sensitivity to both glucose and insulin

in a healthy sample with respect to one with type 2 diabetes.

Focus on those physiological processes that have been usually less investigated is
driven by the idea to provide tools that may allow an overall characterization of
diabetes pathophysiology, leading to the fine phenotyping of diabetes-related data.
Indeed, the parameters estimated with the proposed modeling methodologies can be
regarded as a contribution to CDSS knowledge base enlargement on one hand, and
may have potential application if deployed upstream of machine learning models.
According to this last concept, Chapter 3 investigates the possibility of
considering the above mentioned challenge data and combining modeling and data
driven methodologies to develop a digital prevention framework in the field of
gestational diabetes to identify women at greater risk to develop type 2 diabetes.
Starting from a dataset obtained from women who experienced a history of gestational

diabetes analyzed early postpartum, the main objectives will be:

e to apply a feature-based machine learning approach for the
identification of women who progress against those who did not
progress to type 2 diabetes;

e to unveil what are the relevant features that could play a role in the

progression from gestational to type 2 diabetes.

This will be achieved by including in the initial dataset both anthropometric
characteristics and model-based features accounting for metabolic processes such as
insulin sensitivity, B-cell function and insulin clearance.

In the case of CGM data, the characterization of the CGM signal in terms of
features requires the extraction of the so-called "metrics". Given the lack of guidelines
on this topic, Chapter 4 aims at standardizing the calculation of the multiplicity of
metrics available to be used in the subsequent steps of the research. The main
differences of the software available for the analysis of CGM data (13 in total) will be
elucidated, with particular attention to coherence in the calculation of the metrics.

Thus, the main objectives of this chapter will be:
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e to report which are the data display options and preprocessing features
offered by each software package;
e to investigate the correct implementation of metrics computations also

testing it across all the different packages.

The study will be carried out also taking into account CGM metrics already included
in consensus guidelines authored by clinical experts in the field.

In light of the considerations made in the previous chapter, in Chapter 5 the
potential of metrics is explored through the formulation of feature-based machine
learning approaches laying the foundation for an integrated diabetes

prevention/management multipurpose tool covering the following aspects:

e innovative diabetes/prediabetes diagnosis and early identification of
complications (i.e., diabetic retinopathy);
e prediction of hypoglycemic events induced by different causes such as

hemodialysis or physical exercise.

The latter case (i.e., physical exercise-induced hypoglycemia risk) will lead to the
formulation of a dedicated metric called HIKE.

Chapter 6 relies again on the use of mathematical models and is framed in the
field of pharmacological therapy, particularly focusing the attention on the open
problem of quantifying the exogenous insulin that reaches the -circulation

(bioavailability). Investigation of such an aspect will involve:

e the development of an in-silico approach based on dynamic modeling
e the application of the approach to meal tolerance test data following

inhaled insulin administration.

The proposed approach will then allow to assess the effect of inhaled insulin on

endogenous secretion.

Finally, Chapter 7 summarizes the main findings of the research carried out,
discuss limitations and draws some overall conclusions, together with providing a

series of future developments that could follow the present thesis.
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2 Physiological system modeling

I Physiological system modeling has been largely employed in the study of the
glucose-insulin regulatory system, and depending on which is the purpose for its use,
it can present highest or lowest level of complexity. If the model is intended for
simulation purposes, it usually requires a high level of complexity and consist of a
high number of differential equations and parameters, in order to have a detailed
description of the system; highly complex models are usually referred as “maximal”
models. If the main purpose is to quantify specific metabolic relationships, the
formulation of the model may involve a lower number of equations and parameters,
thus it will be referred as “minimal” model. Minimal models, among which stands the
Bergman et al. model, were very successful in the estimation of parameters of
physiological interest such as insulin sensitivity, which is an index quantifying the
hormone control on glucose production and utilization, and B-cell function, an index
related to insulin secretion [44], [45], [46], [47]. Compartmental models represent a
subcategory of mathematical models, which is based on the principle of conservation
of mass of entities that are considered homogeneously distributed in the state space
(i.e., the compartment); partitioning of the system under study is done even if with
some incompatibilities with the anatomy in order to obtain a finite number of
manageable compartments.

In this chapter, a series of compartmental model-based approaches involving
the assessment of parameters having specific physiological meaning, in some cases
also exploiting regularization techniques, are presented. First, investigation of the two
different components of insulin clearance, namely, hepatic and extrahepatic
components, is carried out through a previously proposed mathematical approach and
applied to a short insulin-modified IVGTT in women with a history of gestational
diabetes (Section 2.1). Similarly, a novel methodology to assess the two insulin
clearance components is described and applied to IVGTT data from mice characterized

by knockout of incretins receptors (Section 2.2). Then, a model of glucagon (the

! This chapter contains material published in [103], [281], [282] and in press in [68].
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hormone antagonist of insulin in the regulation of glucose homeostasis) is presented,
which allows the assessment of a dual glucagon suppression mechanism (Section 2.3).
All these approaches decline in various ways, which will be detailed within each
section, the same research question, i.e. the possibility to increase the knowledge base

on aspects related to diabetes.

2.1 Hepatic and extrahepatic insulin clearance in women with a

history of gestational diabetes

Insulin clearance, i.e., the removal of insulin from blood, is a process that together
with its secretion determines plasma insulin concentration [48]. This process is highly
variable and occurs in different sites, the main one being the liver, which accounts for
around 80% of total insulin clearance (i.e., hepatic insulin clearance); the remaining
occurs in several other organs, mainly kidneys and skeletal muscles (i.e., extrahepatic
insulin clearance) [49]. It has been shown that this process has a role in T2D
pathophysiology since it was found altered among T2D population [50]. As previously
mentioned, women who had GD during pregnancy are classified as individuals at high
risk of developing T2D, thus insulin clearance was also investigated in this population.
Morettini et al., found that it was not altered compared to healthy women when
observed immediately after pregnancy, [51], [52] while in Tura et al., it was found
altered in women who were observed after pregnancy and who developed T2D later in
life [53]. Considering that hepatic and extrahepatic insulin clearance are differentially
regulated [54], [55], literature findings suggest the importance of insulin clearance

assessment tools capable to separate hepatic and extrahepatic contributions.

2.1.1 Model-based assessment of hepatic and extrahepatic insulin clearance

A review study outlined different mathematical models for the assessment of insulin
clearance and highlighted that those assessing separately the hepatic and extrahepatic
components are rare [56]. Polidori et al. recently proposed an approach to estimate the
two contributions from an insulin-modified intravenous glucose tolerance test (IM-

IVGTT) [54]. IM-IVGTT is a modified version of the standard IVGTT, in which the
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experiment involves the infusion of an insulin dose 20 minutes after administration of

the glucose dose and usually lasting few minutes.

Model formulation

According to the mathematical modelling approach proposed by Polidori et al., hepatic
clearance may assume a linear or a saturable dynamics depending on the subject. For
conciseness, it is shown the case of assuming a linear dynamics. The approach is
summarized in Figure 3 and the differential equation that describe changes in plasma

insulin concentration I(t) (pmol-L!) is as follows:

di()

Ve dt

=IR(t)+(1-FE,)-ISR(t)-(HPF-FE,+CLp)-I(t) (1)

where Vp (L) is the extrahepatic distribution volume, IR(t) (pmol-min™') is insulin
infusion rate during the test, FEL (%) is the hepatic fractional extraction, ISR(t)
(pmol-min™') is the prehepatic insulin secretion rate, CLp (L-min™") is the extrahepatic
insulin clearance, and HPF (L-min™) is the hepatic plasma flow rate. In relation to (1),
the hepatic insulin disappearance rate (HR(t), pmol-min™') and the extrahepatic insulin

disappearance rate (ER(t), pmol-min!) are:

HR=FE, -(ISR(t)+HPF-I(t)) 2)

ER=CLp-I(t) 3)
ISR(t) and IR(t) represent the endogenous and exogenous insulin and are the inputs to
the model. ISR(t) can be computed according to the extensively used procedure by Van
Cauter et al. [57] which exploits computation of individualized (depending on subject’
anthropometric characteristics) C-peptide kinetic parameters and performing
deconvolution from plasma C-peptide concentration. Indeed, C-peptide is a marker of
endogenous insulin secretion since it is secreted with insulin in equimolar amount but
it is not extracted by the liver to a significant extent as it happens for insulin. Another
assumption needed to run this model is to assume a constant hepatic plasma flow, HPF,
set at 0.576 L/min/m?, while it is known that during a glucose test this flow is variable

[58].

19



2 Physiological system modeling

Parameter estimation

The vector of model parameters that has to be estimated is p = [CLp, FEL, Vp]. By
performing a best-fit procedure on plasma insulin concentration data, individual
estimates of key parameters related to the two components of insulin clearance can be
obtained. To get the model discrete time response the /titr MATLAB built-in function
was adopted. Best-fit procedure was carried out using the Isgnonlin function, by

solving the following nonlinear least-square curve fitting problem:

1112

cLp

4

. 2 . 1
mlnp”f(p)”2=mlnp ||R+W1F—EL+W2 ,

where R represents the residuals, i.e., the differences between model insulin response
and measured insulin data; the second and the third terms are regularization terms
added as constraints to the minimization problem in order to facilitate a posteriori
identifiability. This terms take into consideration that FEL and CLp should not assume
values close to zero. Trust-region-reflective algorithm was preferred and lower and
upper bounds for the parameters were set at (0; +o0). Function and step-size tolerances

were set to 10712,

|:> Woman’s anthropometric data
+
* IM-IVGTT data l

Early C-peptide kinetics parameters Insulin clearance parameters
post-partum (ks Koy, kog) a(ssess?er;t bvtpolp)ulatlon model (CL;, FE,, V) assessment by model-based
= an Cauter et al. . . .
| analysis (Polidori et al.)
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Figure 3. Model-based assessment of insulin clearance from IM-IVGTT data collected early
postpartum. ISR(t) is insulin secretion rate; CLp is the peripheral insulin clearance; FEL is the hepatic
fractional extraction; Vp is the extrahepatic distribution volume.
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2.1 Hepatic and extrahepatic insulin clearance in women with a history of gestational
diabetes

2.1.2 Declination of the research question

Insulin clearance evaluation in women who experienced GD during pregnancy was
limited to the sole assessment of the overall process without distinguishing between
hepatic and extrahepatic contributions. Weather differences in insulin clearance may
be due to one or both of these two components may be investigated through the
proposed approach based on Polidori et al. However, it has to be noted that the standard
time frame of IM-IVGTT is 3 hours, which is a very long time for routinely
application. Thus, assessing the reliability of a shorter IM-IVGTT (e.g., 1 hour long)
may enhance applicability of such model-based method.

To answer this double question, application of the presented method for the
assessment of hepatic and extrahepatic insulin is performed and it is done considering
firstly the overall 3-hour data (3-hour IM-IVGTT experiment) and then limiting the
data to 1 hour (1-hour IM-IVGTT experiment).

2.1.3 Study population and experiment

Data considered were existing data [59] that included 156 women analyzed early
postpartum (4—-6 months after delivery), subdivided in 115 who experienced GD and
41 who had a healthy pregnancy, thus considered the control group.

All the subjects underwent a 3-hour IM-IVGTT with glucose injection at time
0-0.5 min (0.3 g/kg) and insulin (0.03 U/kg, Humulin R; Eli Lilly, Indianapolis, IN)
intravenous infusion at time 20 for 5 min [10]. For the original 3-hour IM-IVGTT
experiment, blood sampling for the measurement of glucose (mmol-L™!), insulin
(pmol-L") and C-peptide (pmol-L'') concentrations was done with the following
sampling scheme: [0, 3, 4, 5, 6, 8, 10, 14, 19, 22, 27, 30, 35, 40, 50, 70, 100, 140, 180]
min. For the 1-hour IM-IVGTT experiment, the previous measurements were
considered, but excluding samples taken after 60 min. For each subject, mean glucose,
insulin and C-peptide concentrations were evaluated as the ratio between the related
area under the curve and the test duration. Demographic characteristics of the

considered population is reported in Table 1.

21
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Table I Demographic characteristics for the study population.

Demographic Control group GD

information
Age (years) 31.6 £0.8 334104
BW (kg) 67.5+11.9 75.5+16.7"
H (m) 1.66 + 0.05 1.65+0.08
BSA (m?) 1.76 £ 0.15 1.85+0.22"
Gy (mmol-L) 4.56 [0.39] 4.9410.78] "
I, (pmol-L1) 46 [28] 47 [30]
CPy (pmol-L) 150 [50] 166 [93]
Ginean (mmol-L1) 4.63 [0.68] 5.39[1.011°
Imean (pmol-L1) 197 [113] 218 [116]
CPrean (pmol-L1) 178 [91] 218[156] "

BW: Body Weight; H: Height; BSA: Body Surface Area; Gv, I, CPyh: Basal glucose, insulin, and C-peptide
concentration; Gmean, Imean, CPmean: Mean glucose, insulin, and C-peptide concentration during the test. Values are
expressed as mean + standard deviation or as median [interquartile range]; * p<0.05.

2.1.4 Results

Results showed that the model was able to capture the dynamic plasma insulin profile
in both IM-IVGTT experiments, as depicted in Figure 4. Values for model parameters
(CLp, FEL and Vp) obtained considering the 3-hour IM-IVGTT and limiting the IM-
IVGTT data to 1 hour are reported in Table II. Unpaired Student’s t-test was used to
test differences in mean values of variables between groups; paired Student’s t-test was
used to test differences in mean values of variables between the 3-hour and 1-hour IM-
IVGTT. No significant difference was found in mean values between 3-hour and 1-
hour IM-IVGTT. According to the two one-sided test for equivalence, i.e., TOST,
performed to test the minimum equivalence margin (epsilon parameter), all the
parameters estimated from the 1-hour IM-IVGTT data were shown to be equivalent to
those estimated from the 3-hour IM-IVGTT data, with small equivalence margins:
epsilon was in fact not higher than 0.1 standard deviation of the estimated parameter
value from the 3-hour IM-IVGTT. No significant difference was also detected in model
parameters (CLp, FEL and Vp) between control and GD groups, neither with 3-hour
IM-IVGTT nor with 1-hour IM-IVGTT (Table II). Log-transformed values were used

in case of skewed distributed variables.
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Table II Model parameters and insulin clearance values for 3-hour and 1-hour IM-IVGTT for Control
and GD groups.

3-hour 1-hour
IM-IVGTT IM-IVGTT p-value

CLp Control 0.27 [0.43] 0.27 [0.43] 0.83
(L-min™) GD 0.23 [0.30] 0.23 [0.29] 0.17

p-value 0.63 0.64
FEL Control 50.9 [11.6] 50.9 [11.7] 0.23
(%) GD 49.7 [14.3] 50.2 [15.1] 0.57

p-value 0.62 0.63
Ve Control 2.70 [4.00] 2.70 [4.00] 0.18
(L) GD 2.01[2.99] 2.01 [2.99] 0.19

p-value 0.91 0.92

CLep: peripheral insulin clearance; FEL: hepatic fractional extraction; Vp: extrahepatic distribution volume. Values
are expressed as median [interquartile range].
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Figure 4 Comparison between mean measured plasma insulin concentrations and model outputs during
the 3-hour (panel A) and the 1-hour (panel B) IM-IVGTT. Data are reported as mean + standard
deviation.

2.1.5 Discussion

The main findings that are worth being highlighted were:

o the reliability of short (1 hour) IM-IVGTT to assess hepatic and extrahepatic
insulin clearance in women with a history of GD;

e the outcome, saying that at 4-6 months after delivery neither the hepatic
clearance nor the extrahepatic clearance were different between the GD women

and the control group with healthy pregnancy.

Indeed, with a simplified procedure the adherence to screening may improve and
facilitate the early detection of possible metabolic impairments and reduce the risk of
developing T2D [60]. Moreover, assessment of both components of insulin clearance

improves characterization of the metabolic status, that can be added to other
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parameters assessed from short and regular IVGTTs [61], [62], [63] . However, even
if short IM-IVGTT is convenient with respect to the regular one, it is still more
invasive than the OGTT, thus depending on the purpose it would be preferred to use
modeling methodologies based on the OGTT instead of the IVGTT (in its different
versions) [64], [65], [66].

With respect to the original modeling approach by Polidori et al., in the
implementation that have been presented here, some improvements were introduced:
numerically speaking, adding regularization terms to the minimization problem was
done to enhance a posteriori identifiability; then, avoiding the configuration based on
a saturable hepatic clearance dynamics did not prevent obtaining good results, thus
arguing that, at least for this population, the linear dynamics sufficiently reflects the

underlying physiology.

2.1.6 Optimization of experiments

At this point, is worth mentioning the contribution that physiological system modeling
may provide not only when used for the assessment of parameters of interest, but also
in applications were the methodological aspect concerning modeling of the system
help obtaining advantages in experimental setups. For instance, the above presented
approach revealed that the number of samples that should be withdrawn from the
subject during an IM-IVGTT can be reduced without significant loss of information,
in relation to the proposed application. Regularization techniques are also valuable in
this sense.

A recent model of the glucose-insulin regulatory system developed by
Contreras et al. exploited regularization in order to address identifiability problems in
the case of a short OGTT (5-samples OGTT) and was able to demonstrate that with a
lower number of collected samples it was possible to reliably estimate all the13 model
parameters [67]. It was then demonstrated, in a study by our research team, that by
leveraging a simplified regularization procedure is still possible to obtain satisfying
results through such glucose-insulin system model and also to adapt its use to the case
of a 4-samples OGTT [68]. In this latter case, however, 4 out the 13 parameters were

fixed and optimal values for such parameters have been proposed.
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2.2 Hepatic and extrahepatic insulin clearance in mice with incretin receptor knockout

2.2 Hepatic and extrahepatic insulin clearance in mice with incretin

receptor knockout

Insulin clearance may depend on genetic other than metabolic variables [69] but also
depend on many factors [70]. The incretin effect, a physiological process responsible
for the potentiation of insulin secretion after food ingestion, may be one of those. Such
potentiation is mainly accomplished thanks to the presence of incretin receptors on the
pancreatic B-cells, and plays a role in the regulation of plasma insulin concentration.
The main incretin hormones are the glucagon-like peptide-1 (GLP-1) and the glucose-
dependent insulinotropic polypeptide (GIP) [71], [72]. Some studies started to
investigate the possible effect of incretins on total insulin clearance [73], [74], [75] or
on its hepatic component [76], [77], showing controversial results. Moreover, studies
have been recently carried out in mice and showed that physiological levels of incretin
hormones may reduce insulin clearance [78], but without determining if this reduction
is attributable to its hepatic or extrahepatic component. Similarly to the previous, this
section addresses the theme of hepatic and extrahepatic insulin clearance, but proposes

a novel fine approach for its assessment.

2.2.1 A novel model-based method for the assessment of hepatic and

extrahepatic insulin clearance

A novel methodology inspired by the previously proposed mathematical approach by
Polidori et al. [54] was developed to assess hepatic and extrahepatic insulin clearance.

The proposed methodology is detailed in the following.

Description of the model-based approach

According to the approach proposed and presented in the previous section, the hepatic
disappearance rate, HR(t), was assumed linear with respect to insulin delivery to the
liver, as previously reported in equation (1), and the extrahepatic disappearance rate,
CR, was assumed proportional to the plasma insulin concentration, as previously
reported in equation (2). Thus, equation (3), describing changes in the plasma insulin

compartment (characterized by the distribution volume V) can be rewritten as follows:
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A _

th_

ISR(t) — FE;, - (ISR(t) + HPF - 1(t)) — CLp - I(t) (5)
Then, total insulin disappearance rate can be described as the sum of HR and CR:
FEL - (ISR(t) + HPF - I(t)) + CLp - I(t) = CLp - 1(t) (6)

where CLt is the total insulin clearance (L-min™'), I(t) is the plasma insulin
concentration measured during the test and ISR(t) was computed according to Van
Cauter et al. [57] by deconvolution from plasma C-peptide concentration starting from
computed individualized C-peptide kinetic parameters.

From equations (5) and (6) it is possible to consider their temporal integral calculated

between initial and final time points of the test, indicated as t; and tg, thus obtaining:
t dI(t) t
ftifv = dt= ftifISR(t) — FEL - (ISR(t) + HPF - I(t)) — CLp - I(t) dt (7)
J.TFEy, - (ISR(t) + HPF - 1(1)) + CLp - 1(t) dt = [."CLy - I(t) dt (8)
Integration provides the following two algebraic equations:

[1(te) — I(t;)] = AUCsgcr — FEL, - (AUCsgcr + HPF - AUC)) )

where I(ti), I(tr), AUCsecr and AUC; are quantities that can be computed from the
measured data, representing plasma insulin concentration at the initial and final time
points, and the area under the curve of ISR(t) and I(t), respectively; HPF has been
assumed equal to 2 L/h/kg of body weight [79]; CLt and V were estimated by
exploiting the mathematical modeling approach proposed by Tura et al. [78] ,which
assumes a mono-compartmental description for insulin kinetics. In the latter approach
ISR(t) is the model input and I(t) represents the model output. In addition to equations
(9) and (10), a third equation taken from [17] and describing hepatic fractional

extraction, FEr, was considered:

AUCcp'CLcp—AUC|-CL
_ ( cp'CLcp rCLt) (11)
(AUCcp-CLcp)

FE,

where CLcp is the C-peptide clearance; AUCcp is the area under the curve of C-peptide
and AUC; that of insulin.

26
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Parameter estimation

The three algebraic equations (9), (10), and (11), considered as a homogeneous system,
were subsequently used as elements of a cost function that was minimized to reach an
estimation of FEL and CLp parameters. The summary of the procedure is depicted in
Figure 5. Minimum of cost function was obtained using the /sqnonlin function in

MATLAB.

V- [1(t;) = 1(t)] = AUCsger — FE,, - (AUCsgcg + HPF - AUC;) — CLp - AUC;

T FE, - (AUCsgcg + HPF - AUC,) + CLp - AUC; = CLy - AUC,

ClLep - AUCcp — CLy - AUG,

i FE. = Clep - AUCH
v
Computable from IVGTT data Known from a-priori
knowledge
[(tfin), (time), AUCsgcr, AUC, HPF

Estimated with approach by Tura et al. 2018

ISR(t I(t)
CLy =V Kouns (t o

CL¢p (mean value)
kOl\NS

v

V- [1(ty) = 1(t)] — AUCys + FE; - (AUCsgcr + HPF - AUG) + CLp - AUC; = 0

FE,, + (AUCsgcp + HPF + AUC;) + CLp + AUC; — CLy - AUC, = 0

I\

FE, + (CLepr AUCep + AUCspcq + HPF + AUC) — CLpr AUCep + CLp + AUC; = 0

v

Estimation of FE, and CL; values that
minimize the system of equations

Figure 5. Summary of the methodology to assess hepatic and extrahepatic insulin clearance. V:
distribution volume; ISR(t): insulin secretion rate; FE.: hepatic insulin clearance; HPF(t): hepatic
plasma flow rate; I(t): plasma insulin concentration; CLp: extrahepatic insulin clearance; CLrt: total
insulin clearance; CLcp: C-peptide clearance; AUCcp: area under the curve of C-peptide; AUC: area
under the curve of insulin; AUCsgcr: area under the curve of ISR(t); t;, tr: initial and final time of test.
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2.2.2 Declination of the research question

Double incretin receptor knockout (DIRKO) is a mouse model characterized by
knockout of both the GLP-1 and GIP receptors and for this reason it does not have
incretin effect and represent a model of interest for the study of this process when
compared to wild-type (WT) mice, which instead does not present any receptor
knockout. Moreover, differently from single incretin receptor knockout mice,
knockout of both incretin receptors prevents the possibility that one hormone
compensates for the lack of biological action of the other.

Whether incretins at physiological, non-stimulated levels affect hepatic and/or
extrahepatic insulin clearance was still an open question. To this purpose, application
of a mathematical modeling approach able to segregate hepatic and extrahepatic

components is a valuable option to investigate the issue.

Animal dataset

Hepatic and extrahepatic insulin clearance was studied in 31 DIRKO and 45 WT
female mice, previously analyzed in another study [78]. During experimental days,
animals were fasted from 7.30 AM and after 5 h of fasting, mice were firstly
anesthetized and after 30 min, an IVGTT was performed; Glucose was injected in a
tail vein at a dose of 0.35 g/kg and blood samples were collected before and at [0, 1,

5, 10, 20, and 50] min after glucose administration.

Assessment of parameters of interest

In response to a glucose input like the one administered during an IVGTT, insulin is
commonly known to be secreted in a biphasic pattern consisting of two phases: a first
phase lasting around 5 min, and a second phase where insulin is released in a sustained
manner with usually distinct pulses lasting few minutes each. The method summarized
in Figure 5 was used to estimate two pairs of values (FEr-p1, CLp.p1, and FEr-p2, CLp.
p2) accounting for the first and second phase hepatic and extrahepatic clearances. The
first phase parameters were estimated assuming ti= 0 min and tf= 5 min, while for the
second phase parameters, the initial and final time points were ti= 5 min and tr= 50

min. Insulin and C-peptide plasma concentrations were used for the estimations. To be
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consistent, the total clearance was also estimated for first and second phase, denoted
as CLr.pi and CLrpo.

In order to better characterize the problem, a detailed metabolic description can
be achieved by assessing other IVGTT-based indexes accounting for different
physiological processes as for: glucose tolerance, computed as the K¢ index [80]; acute
insulin response to glucose (AIRG), computed as average suprabasal insulin between
1 and 5 min after glucose administration; insulin sensitivity during the IVGTT (SI), as
an empirical parameter predicting insulin sensitivity from the minimal model approach
[18,19]; insulin sensitivity at fasting state, as QUICKI index [81]; glucose
effectiveness (Sg) [80], [82]; disposition index (DI), as product between SI and AIRg,
similarly to what has been done in human subjects[83]; B-cell function, as ratio of area
under the curve of C-peptide to that of glucose, extending an approach used in human
subjects [84]; area under the curve of the insulin secretion rate AUCsgcr calculated as

previously indicated according to Van Cauter et al. [S7].

2.2.3 Results

Values for hepatic, extrahepatic and total insulin clearance in the first and second phase
of the IVGTT are reported in Table III for both DIRKO and WT mice. A significant
difference between DIRKO and WT was found in CLrp1, which was reflected in the
peripheral (i.e., extrahepatic) component, CLp.p1, but not in the hepatic component,
FEL-p1. No difference was detected in CLt.p2 in any of its components, that is, neither
in CLp.p» nor in FErL.p>. In addition, the ratio between the two insulin clearance
components was statistically different between the two groups for the first phase
(p=0.03) but not for the second phase (p=0.30).

A detailed IVGTT-based metabolic assessment for DIRKO and WT mice is
reported in Table I'V. Statistically significant differences were found in Kg, S, DI, SI,
and AUCskcr, accounting for the glucose tolerance index, the glucose eftectiveness,
the disposition index, the insulin sensitivity during the IVGTT and the area under the
curve of the insulin secretion rate calculated from C-peptide. B-cell sensitivity
(computed as ratio of AUC of C-peptide to AUC of glucose) showed borderline p-

value. Insulin sensitivity at fasting, QUICKI, showed no difference.
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Table III Values for hepatic, extrahepatic and total insulin clearance in the first and second phase of the
IVGTT for DIRKO and WT mice.

WT DIRKO p-value
FEL-p1 28.9 29.7 0.18
§ (%) [25.7-32.0] [26.7-34.9] '
= _
S (;LPP.I 1 0.15 0.18 0.04
‘é (102 I'min™) [0.11-0.22] [0.13-0.27]*
= CL1p1 0.51 0.61 0.02
(107 I'min™) [0.46-0.65] [0.48-0.82]* '
o FEL-r2 39.8 37.8 0.46
z (%) [35.8-44.2] [35.1-43.1]
s CLp.r2 0.79 0.72 027
E (103 I'min™) [0.69-0.87] [0.64-0.81] '
2 CL1r2 1.69 1.38
z A1 0.10
(102 I'min™) [1.48-1.87] [1.13-1.75]

Data reported as median [interquartile range]; FEL.p1, CLp.p1, CLT-P1: hepatic, extrahepatic and total insulin
clearance in the IVGTT first phase, respectively; FELp2, CLp.p2, CL1.p2 hepatic, extrahepatic and total insulin

clearance in the IVGTT second phase, respectively; * p<0.05 DIRKO vs. WT.

Table IV. Metabolic assessment for DIRKO and WT mice.

WT DIRKO p-value
Kc 2.49 1.98
<0.01
(%/min) [1.85-3.14] [0.96-2.417*
S 1.37 0.85 0.01
<0.
(10*min'/pmol/l) [0.97-1.78] [0.77-1.39]*
QUICKI 0.123 0.120 0.07
(non- dim.) [0.119-0.126] [0.116-0.123] .
Sc 0.052 0.037
0.02
(min™) [0.037-0.063] [0.028-0.0557*
AIRc 445 426
0.16
(pmol/l) [288-635] [195-634]
DI 1.17 0.72
0.02
(102 min™) [0.70-1.64] [0.34-1.03]*
AUCsEcr 13.0 17.0
<0.01
(pmol) [12.0-16.8] [14.3-21.0]*
p-cell sensitivity 0.022 0.025
0.05

(mmolCP/mmolGlu)

[0.018-0.027]

[0.021-0.030]

Data reported as median [interquartile range]; Ka: intravenous glucose tolerance index; SI: insulin sensitivity during
the IVGTT; QUICKI: insulin sensitivity at fasting; Sa: glucose effectiveness; AIRg: acute insulin response to
glucose; DI: disposition index; AUCskcr: area under the curve of insulin secretion rate; 3-cell sensitivity: ratio of
area under the curve of C-peptide to area under the curve of glucose; * p<0.05 DIRKO vs. WT.
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Univariable linear regression analysis was used to assess associations between insulin
clearance and the other metabolic parameters. Tests were applied to the log-
transformed values. The two-sided significance level was set at 5% (p < 0.05).

Results of linear regression analysis to evaluate associations between insulin clearance
and the other metabolic parameters are not shown for conciseness, but the most

significant associations are reported in Figure 6.
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Figure 6. Most significant associations (r2) of hepatic, extrahepatic and total insulin clearance with
metabolic parameters in DIRKO and WT mice. FEL-P1, CLP-P1, CLT-P1: hepatic, extrahepatic and
total clearance during the first phase of the test, respectively; AIRG: acute insulin response to glucose.
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2.2.4 Discussion

It was investigated whether the reduction in insulin clearance reduction previously

observed in DIRKO compared to WT mice (under non-stimulated levels of incretin

hormones) is explained by a reduction in its hepatic or extrahepatic component, or

both. It emerged that:

the hepatic component of insulin clearance (quantified by FEL), did not
show differences in DIRKO compared to WT mice for any of the two
IVGTT phases; this may be explained with reference to the role of
carcinoembryonic  antigen-related cell adhesion molecule 1
(CEACAMI) through which insulin stimulates its own clearance in
hepatocytes [85], [86], [87]; indeed, FEL during the first phase is
significantly correlated with first-phase insulin secretion (i.e., AIRG),
but no difference has been detected between DIRKO and WT mice in
AIRG, thus suggesting that expression of CEACAMI in the liver was
unaltered among the two.

as the most interesting finding, during the first phase of the IVGTT, the
higher total insulin clearance in DIRKO than in WT may be due to the
higher extrahepatic component; indeed, kidneys are the primary site of
extrahepatic insulin clearance [88], [89] with the major enzyme
responsible for degradation (IDE) being regulated by a protein
belonging to the SNXs family [90], that themselves affect GLP-1
receptor [91]; thus, since WT mice express GLP-1 receptors and
DIRKO does not, we can hypothesize that the difference observed in
the extrahepatic insulin clearance can be linked to that mechanism; on
the other hand little is known about GIP role on insulin clearance
regulation, and the few published studies support the idea that GIP does

not affect insulin clearance [73].

To conclude, these findings may help to shed light in the mechanisms involving insulin

clearance and in their possible role in the pathogenesis of type 2 diabetes. In fact, T2D

therapy based on incretins is increasing its interest and the knowledge of the relative

importance the two components of insulin clearance and how they are related to the
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incretin system may be of help in addressing possible defects in the balance between

these mechanisms.

2.3 Mathematical model accounting for a dual regulation of

glucagon inhibition

Glucagon is a hormone secreted by the a-cells of the pancreas and it has the effect of
elevating blood glucose level when it drops under normal values. Thus, it has an
opposite action with respect to insulin in maintaining glucose homeostasis. However,
beyond simple counter regulation of insulin, glucagon also show a role in
pathophysiology of T2D, but this is still controversial [92]. Indeed, people with T2D
have secretory defects of glucagon, resulting in inappropriate high levels in both
fasting and postprandial states; opposite to this, also beneficial effects have been
observed [93].

The regulation of glucagon secretion is mainly due to the a-cell paracrine
control by insulin (i.e., the control exerted by neighboring B-cells secreting insulin
according to the so-called “intra-islet interaction’), but other factors may contribute to
control glucagon secretion or inhibition and glucose may play a not-negligible role.
Indeed, studies performed considering different macronutrients ingestion in healthy
and in T2D subjects demonstrated that heterogeneous glucagon time patterns and their
relationship with glucose and insulin strongly depends on the class of nutrients

ingested [94], [95].

2.3.1 Model of glucagon kinetics to assess a-cell insulin and glucose sensitivity

Mathematical models accounting for glucagon contribution have been proposed, few
having potential application to the clinical practice [96], [97], [98], [99], [100], [101],
[102]. Among these, the models by Kelly et al. [102] and Subramanian et al. [101]
were based on intravenous tests, which however are more difficult to perform
compared to an OGTT. Instead, our group proposed a mathematical (compartmental)
model for the description of glucagon kinetics during an OGTT for the estimation of
a-cell insulin sensitivity [103]. The model presented in this thesis has been developed

starting from such a model, and includes two differential equations, one for plasma
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glucagon and one for C-peptide (marker of insulin secretion). In the new model
formulation, plasma glucose is included as model input in addition to plasma C-
peptide. The model provides two parameters of possible clinical relevance, namely

Scruca and kg (a-cell insulin and glucose sensitivity, respectively).

Model formulation

The proposed model considers inhibition of glucagon secretion during an OGTT as
controlled by both insulin (C-peptide) and glucose-based mechanisms. The latter,
being the novelty with respect to the previous formulation, accounted for glucokinase
activity[ 104], and was modelled considering glucagon inhibition controlled by the rate
of change in plasma glucose. The former, exploited plasma C-peptide as a marker of
insulin secretion as already done in the previous formulation The compartmental

description is depicted in Figure 7.

d(GplaSma(t) 'Gb)/dt _____________

kG
k
Gluca(t) GLucA
SGLUCA(t)
i
I
]
CPpiasmalt)-Cpy, ACP,. 1 orelt)
I(A(.'.PREM

Figure 7. Schematic representation of the compartmental model. The two compartments of the model
are the plasma glucagon compartment, Gluca(t), and a delayed version of remote (from plasma) C-
peptide, ACPremote(t); the suprabasal C-peptide concentration in the remote compartment (Cpplasma(t)-
Cpyp) and the rate of change of suprabasal plasma glucose concentration (Gyplasma(t)-Gb) exert a control
action on Gluca(t) through the parameters Scruca(t) and kg, respectively. kgruca denotes glucagon
elimination rate from plasma and kacprem is the C-peptide elimination rate from the remote
compartment.

Two compartments, one for plasma glucagon and one for remote (from plasma) C-
peptide, are used for model representation, as for the following two differential

equations:
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2.3 Mathematical model accounting for a dual regulation of glucagon inhibition

dGluca(®) dGplasma(®
% = _kGLUCA(t) ' Gluca(t) - kG ) plT - SGLUCA(t) )
—dACPFZ‘:“e(t) Gluca(t) = Glucay (12)
dACPremote(t) —

- _kACPREM ' ACPremote (t) + (CPplasma(t) - CPb) ACPremote(O) =0
(13)

where Gluca(t) (ng-L!) is glucagon concentration in the plasma compartment and

dt

ACPremote(t) (nmol-L1) is suprabasal C-peptide concentration in a compartment remote
from plasma. The clearance-rate parameter kgLuca (min') accounts for glucagon
elimination from plasma due to clearance; the parameter kg accounts for glucagon
inhibition due to mechanisms controlled by the rate of change in plasma glucose
(Gplasma, mmol-L ) and represents the glucagon-inhibition sensitivity to glucose (i.e.,
a-cell glucose sensitivity); the time-varying parameter Sgruca(t) (ng of glucagon-nmol
of C-peptide™!) accounts for glucagon inhibition due to paracrine mechanisms
controlled by suprabasal C-peptide in a compartment remote from plasma and
represents glucagon-inhibition sensitivity to glucose-induced insulin secretion (i.e.,
alpha-cell insulin sensitivity). Parameter kacprem (min) is the C-peptide elimination
rate from the remote compartment; CPpiasma represents plasma C-peptide concentration

(with CPy as basal value). Gplasma € CPplasma are the model inputs.

Parameter estimation

Model parameter vector p=[kcLuca, kacprem, ki, ScrLuca(t)] was estimated using the
Isqnonlin MATLAB function, solving the following nonlinear least-squares curve

fitting problem:

rnpinllf(p)ll% = min [RSS + Kkgruca + ki +wl-SeLyca(t) + w2 -
G
count (Seuuca(t) < 0)] (14)

where RSS is the residual sum of squares, with residuals being the differences between
model response and glucagon experimental measurements, and the other terms are
added constraints that have been used to introduce further information to the problem:
kcrLuca denotes glucagon clearance and it should be small during an OGTT, during
which the main contribution to glucagon suppression is given by insulin and glucose-

based mechanisms; the term 1/kg is used to prevent excessively small parameter

35



2 Physiological system modeling

values; Sgruca”(t), the second derivative of the parameter Sgruca(t), is used to
penalize abrupt changes of the parameter during the test; similarly, the term
count(ScLuca(t)<0) acts to reduce the number of samples where the parameter assumes
negative values. Value for wl and w2 weights was manually adjusted, the trust-region-
reflective algorithm was chosen, and function and step-size tolerances were set to 10
6, Lower and upper bounds of parameter ranges were: (0,1) for keLuca and kacprem; (-
oo, +o0) for kG and Scruca(t); 95% confidence intervals (ClIs) for all the model

parameter estimates have been computed by means of the n/parci function.

2.3.2 Declination of the research question

Glucagon relationship with glucose and insulin is highly heterogenous and an attempt
to capture such heterogeneity may lead to the importance of a model including
different contributors of glucagon secretion. In addition, this may be of impact in
understanding how postprandial response and other mechanisms may change in
relation to T2D state, to different macronutrients ingestion, or both. Thus, this study
aimed at providing an improved formulation of the previously proposed mathematical
model to describe glucagon kinetics (especially, its inhibition) during an OGTT, by

accounting for the two (insulin and glucose-based) mechanisms.

2.3.3 Model validation on mean experimental data

Mean experimental data used to validate the model are those reported in the study by
Sonne et al. [105] involving 15 subjects having T2D and 15 healthy control subjects
(CNT), all of which underwent a 75 g OGTT with blood samples drawn at [ -20, -10,
0, 15, 30, 45, 60, 90, 120, 180, 240] min and with glucose ingestion at 0 min. Mean
plasma glucose, C-peptide and glucagon concentrations in the two groups of the study
by Sonne et al. [105] have been considered. Results are reported as means+SD. unless

otherwise stated.

2.3.4 Results

The parameter estimates with related confidence intervals are reported in Table V and
best fit on mean experimental data reported by Sonne et al. [105] for CNT and T2D
groups are shown in Figure 8. Trends of SgLuca(t) for CNT and T2D during the test is
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reported in Figure 9. According to the 95% CIs, 4 out of 8 time points in the CNT
group showed estimates of ScLuca(t) significantly different from zero, whereas in the
T2D group the same parameter did not show values significantly different from 0
throughout the whole test. As for kg, lower values were found in T2D than in CNT; in

the latter a significant difference from 0 was found.
Table V. Values and 95% confidence intervals (CI) for the estimates of Ksruca (min), Kacprem (min”

1, Kg (min!), SgrLuca (ng of glucagon-nmol of C-Peptide™) on reference mean experimental data by
Sonne et al. [14] for the control group and for the T2D group.

Estimated Value 95% CI*
parameter
keruca 4.6673 10°° -0.0073 — 0.0073
kacprem 0.0342 0.0290 —0.03945
ke 2.8302 1.1973 —4.4632
o ScLucal -0.7993 -0.7994 —-0.7993
2 Soruca -0.1515 -0.5332 - 0.2302
CS Scrucas 0.4620 0.1819 -0.7420
; ScLucas 0.4449 0.2228 - 0.6670
% Scrucas 0.2375 -0.1428 - 0.6177
ScLucas 0.4780 -0.3364 — 1.2924
ScLuca? 0.7629 0.1537 - 1.3720
ScLucas 0.2069 -0.6035-1.0174
keLuca 9.1763 10°° -0.0139-0.0139
kacprem 0.0096 -0.0078 — 0.0270
ke 0.9913 -0.5559 —2.5386
o ScLucal -5.5602 -12.9854 — 1.8651
§ ScLucaz -2.8988 -7.6482 — 1.8506
< ScLucas -0.3694 -3.1971 — 2.4583
é ScLucas 1.1067 -0.5668 —2.7802
= Scrucas 0.8949 -0.1576 — 1.9473
ScLucas 0.1305 -0.8600 — 1.1210
ScLucaz 0.7260 -0.6903 — 2.1423
ScLucas 0.2069 -4.1746 — 3.1374

2CI: Confidence Interval; ® CNT: Control; ¢ T2D: Type 2 Diabetes.
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Figure 8. Best fit of the model validated on mean experimental data by Sonne et al for the control group
(panel A) and for the T2D group (panel B). Closed circles are the reference experimental values (mean
+ SD); the continuous line is the model prediction.
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Figure 9. Sgruca(t) temporal estimates on reference mean experimental data for the control group (panel
A) and for the T2D group (panel B) are shown with open circles and continuous line. Dashed lines
represent related 95% Cls.
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2.3.5 Discussion

This study proposed a mathematical model derived from a former formulation
proposed by our group and able to describe sensitivity of the a-cell to insulin and
glucose in the single individual during an OGTT. Thus, the main improvement of this
new model formulation, was to include the contribution of mechanisms related to a-
cell glucose sensing. This is of impact for understanding how mechanisms change in
relation to T2D state and/or to different macronutrients ingestion. Indeed, paracrine
control of glucagon secretion in T2D is compromised and shows a V-shaped non-
physiological dose response to glucose with maximal exocytosis at hyperglycemia
[106].

Results of model validation on mean data of healthy and T2D subjects demonstrated

that:

e consistently with physiological and clinical observations, both insulin
and glucose-based mechanisms may play a noticeable role in
determining glucagon secretion or inhibition (thus, glucagon time
course), as demonstrated by ke and Scruca(t) values significantly
different from zero in the healthy group;

e in contrast, in the T2D group, both glucagon regulation controls are
impaired (ScrLuca (t) and kg not significantly different from zero),

resulting in a defective glucagon inhibition.

Modeling and methodological choices were done to maintain the model as simple as

possible:

e 1o additional compartment was added for glucose, which contribution
was represented as an input

e glucose regulation mechanism was modelled as dependent on glucose-
concentration rate of change rather than the absolute value, consistently
with studies on animal models showing that in the a-cell the regulation
of glucose sensing is operated by glucokinase [104], whose activity is

driven by changes in plasma glucose [107].
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e the addition of penalties in the form of constraints in the parameter
estimation procedure was necessary to overcome the ill-posed problem
and prevent overfitting; in particular, constraints on Scruca(t) were
already included in the former model formulation with the aim of
preventing excessively rapid variations and favoring the occurrence of
positive rather than negative values (considering that suppression
during OGTT 1is more likely than stimulation), while one further
constraint has been added, related to kg, to avoid its contribution being
excessively small and possibly collapsing into other parameters. In
addition, kg was allowed to assume positive and negative values,
indicating that, in principle, glucose may either inhibit or stimulate

glucagon secretion.

As a fact, factors that have been shown to possibly modulate glucagon secretion from
alpha cells are many, including nutritional, chemical and environmental factors [108],
[109]. Future studies may consider the role of these other factors in the model that, as

for its intended purpose, in the present model were disregarded.

2.4 Concluding remarks

The developed modeling approaches are tools that allowed representation and
quantification of important metabolic processes that show different roles in diabetes
pathophysiology, some of which still need to be elucidated. In particular, focus was on
insulin clearance (in its hepatic and extrahepatic components) and on a-cell sensitivity
to glucose and insulin. One of the main advantages of using this kind of approaches is
the individual estimation of such parameters, that allow to better characterize the
metabolic status in the single individuals. Indeed, being diabetes a multifaceted
disease, by deconvolving the main processes behind its pathophysiology (e.g., B-cell
function and insulin sensitivity) it is possible to recognize subgroups that could be
object of tailored treatment and management strategies[110]. Thus, in this thesis we
decided to focus on processes such as insulin clearance and a-cell sensitivity instead
of the more studied ones mentioned just above, to gain further insights on the so-called

“component pathways” of the disease.
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For what concerns insulin clearance assessment, the novel mathematical
modeling approach presented in Section 2.2 exploited adding to the Polidori et al. other
independent equations linking hepatic and extrahepatic components to the total insulin
clearance. In this way it was suitable for application to IVGTT test, differently from
Polidori’s approach, that was conceived to work with IM-IVGTT since this kind of test
allows to better separate the two insulin clearance components. Of note, data derived
by tests with slower dynamics as OGTTs may be not adequate to be analyzed with the
modeling approach proposed in this study, since the estimates for model parameters
may exhibit insufficient accuracy.

On the other hand, the modeling approach for the assessment of glucagon
kinetics instead applies to a more physiological test, i.e., the OGTT, and was
maintained as simple as possible as for its previous version, limiting the number of
compartments and adding constraints in the parameter estimation procedure to
overcome the problem of ill-posedness, very likely when relying on time varying
parameters.

Overall, in addition to having potential as tools applicable in clinical contexts,

constituting decision support tools themselves, system models can also:

e help in the field of investigation of new scientific evidence that can
constitute an expansion of the knowledge base;
e generate parameters that can be used as features for machine learning

applications.

This latter point will be further described in the next chapter (Chapter 3) through an
example of application of ML to data coming from the model-based assessment of

significant metabolic quantities.
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3.1 Machine learning applications in type 2 diabetes and gestational diabetes and research
question

3 Model-based data-driven analysis

2As discussed in Chapter 2, physiological system modeling allow to assess metabolic
parameters that would not be directly measurable, unless in some cases applying
invasive procedures sometimes not compatible with life. Such parameters may offer
the opportunity to adopt the information they carry and use this information to feed
machine learning algorithms. Indeed, the rationale behind the use of model-based
methodologies and machine learning approaches based on features rely on the fact
that, starting from not very large but well-characterized datasets, this type of approach
allows obtaining reliable and more easily interpretable results compared to the use of
raw data, together with the advantage of having lower computational costs and
therefore being suitable for real-time applications.

To give an example of this kind of approach, this chapter propose an application
of machine learning techniques to develop a framework that starting from model-based
parameter assessment is intended to shed light on the factors determining the

development of T2D in women who had GD during pregnancy.

3.1 Machine learning applications in type 2 diabetes and

gestational diabetes and research question

As previously mentioned, gestational diabetes is a diabetes diagnosed in the second or
third trimester of pregnancy that was not clearly overt diabetes prior to gestation and
even if it resolves after delivery, it is associated with a high risk to develop T2D later
in their life [111]. Recently, research on T2D has exploited the use of ML techniques
to handle large amount of data and automatically extract knowledge from them [112].
and pursuing different purposes, including early diagnosis investigation [113], [114],
[115], [116], [117], [118], [119], estimation of T2D risk [120], [121], [122], detection
of subjects affected by T2D or prediabetes from the general population [123], T2D

characterization, classification [124], [125] and care [126].

2 This chapter contains material published in [283].

43



3 Model-based data-driven analysis

However, the application of such techniques to determine factors influencing
development of T2D in women with a previous history of GD has still been scarcely
explored and the few studies addressing this topic have focused on “omics” approaches
(i.e., metabolomics, lipidomics) [127], [128], [129], which consist in the identification
and determination of metabolites in biological samples of altered states promoted by
disease or specific stimuli (e.g. drug or environmental modulation) in comparison to
normal states [130]. Although this field is promising to allow personalized approaches,
limitations and challenges need to be addressed before the translation of the research
outcomes into clinical settings [131].

As far as we knew, application of ML techniques to analyze dataset containing
model-based features describing parameters of physiological interest was never been
performed in women with a history of GD at risk to develop T2D. Thus, aim of this
chapter is to set up an ML framework to unveil the factors, among those quantifying
specific metabolic processes, which determine the development of T2D in such women
at risk. The rest of the chapter is structured as follows. Section 3.2 presents the
methodology, including the clinical dataset used, the feature extraction step and how
the classification problem was formulated; Section 3.3 presents the obtained results

and, finally, in Section 3.4 the main results are discussed.

3.2 Machine learning framework based on model-based
parameters to unravel the factors determining development of

type 2 diabetes in women with a history of gestational diabetes

ML techniques were applied to a dataset appropriately generated by including features
quantifying specific metabolic processes such as insulin sensitivity, B-cell function and
insulin clearance, which are all relevant processes underlying T2D development [2].

The workflow for data analysis is reported in Figure 10.

3.2.1 Clinical data

Data used in this work were previously analyzed in the studies [53], [59]. A group of
78 women who experienced a history of GD were analyzed early postpartum (4 to 6

months after delivery) and after a period of follow-up lasting up to 7 years. During the
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follow-up women were screened for diabetes and some of them had a diagnosis of
T2D (n=19), whereas the others did not develop the disease (n=59). Of note, all women
were nondiabetic early postpartum nor were treated with antidiabetic agents before
T2D diagnosis.

Both early postpartum and at the end of the follow-up period the group of
women underwent a frequently sampled insulin modified intravenous glucose
tolerance test (IM-IVGTT). Glucose (300 mg/kg) was injected at time 0-0.5 min and
insulin (0.03 1U/kg) was infused intravenously at time 20 for 5 min. Samples were
analyzed at fasting and for 180 min following glucose injection at 3, 4, 5, 6, 8, 10, 14,
19, 22, 27, 30, 35, 40, 50, 70, 100, 140, 180] min for glucose (mmol-L1), insulin
(pmol-L ") and C-peptide (pmol-L!) plasma concentrations.

3.2.2 Feature extraction and dataset generation

Features were extracted by applying mathematical models and methods to the IM-
IVGTT data collected early-postpartum. The newly generated dataset included
anthropometric data (age, height, body weight, and body mass index) and the extracted
model-based features together with other computed parameters of physiological
interest. In the generated dataset, women were labelled as progressors (PROG) if
progressed to T2D during the follow-up period, while as non-progressors
(NONPROG) if they did not progress to T2D.

In detail, extracted features included: i) computed mean areas under the
glucose, insulin and C-peptide curves (Gmean, Imean, Cpmean), divided by the test
duration [51]; ii) area under the insulin curve during the first (AUCs-1p) and second
phase (AUCns-2p) of the test; ii1) glucose disappearance rate before (Kgi) and after
(Kg2) insulin infusion, computed as the absolute slope value of log. of glucose
multiplied by 100 in the 10-20- and 20—40-minute intervals, respectively [62]; iv)
insulin-dependent and insulin-independent glucose disappearance, Sy and Sg, assessed
by the minimal model of glucose kinetics, which also provides an estimate of glucose
distribution volume (V) [132]; v) both Sg components i.e., basal insulin effect (BIE)
and glucose effectiveness at zero insulin (GEZI) [133]; vi) first-phase insulin secretion,
as for the acute insulin response (AIR) [134] and the acute C-peptide response (ACPR)

indexes, computed as the mean of suprabasal insulin and C-peptide curves,
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respectively, in the time interval 3—8 min during the IM-IVGTT; vii) disposition index
(DI) computed as the product between S; and AIR to provide combined contribution
of insulin action and B-cell function [83].

Moreover, a model-based methodology has been used to derive insulin
secretion rate (ISR(t)) by deconvolution of plasma C-peptide concentrations during
IM-IVGTT [51] and has allowed to extract the following features: i) area under the
curve of ISR(t) for the whole test (AUCskcr) and also for the first (AUCsgcr-1p) and
the second (AUCsgcr-2p) phase of the test; ii) basal secretion rate (BSR) and B-cell
responsivity to glucose (®ic); iii) total insulin clearance during the whole test
(CLmEeaN) and also first (CLmean-1p) and second (CLmean-2p) phase [51]; 1v) insulin
clearance with separation of the hepatic (FEL) and extra-hepatic (CLp) contribution,
derived by applying the approach proposed by Polidori et al. [54] and described in
section 2.1.1.

Insulin peak after glucose injection (Ipeak-rirsT) and after insulin injection
(Ireak-mNiEsTION), C-peptide peak (Cpeak) and glucose injected dose (DOSE) have been
also included in the dataset. Fasting plasma glucose (gp) has also been included being
the most important clinical marker for the diagnosis of glucose tolerance deterioration
[111]. A summary of the features included in the generated dataset with the related

measurement units is described in Table VI.

3.2.3 Classification problem and data analysis

The classification problem consisted in classifying PROG vs. NONPROG considering
as input the complete generated dataset described above. Data analysis has been
performed in Orange Data Mining (v. 3.28), an open-source data visualization, data
mining and machine learning toolkit which enables visual programming through the
front-end Orange Canvas. This tool shows power for explorative rapid qualitative data

analysis and interactive data visualization [135].
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Table VI Description of all the features included in the generated dataset.

Acronym Description Units

age Age years

BW Body weight kg

h Height cm

BMI Body mass index kg/m?

£b Basal glucose mg/dL
GMEAN Mean area under the glucose curve mmol/L
IMEAN Mean area under the insulin curve pmol/L
CpmEAN Mean area under the C-peptide curve pmol/L
AUCins-1p Area under the insulin curve during the 1% phase of test pmol/L-min-!
AUCIns-2p Area under the insulin curve during the 2" phase of test pmol/L-min"!
Kai Disappearance rate of glucose before insulin injection Y%/min

Ka2 Disappearance rate of glucose after insulin injection %/min

S Insulin sensitivity 10* -min’'/(pU - mL")
Sa Glucose effectiveness min’!

A% Distribution volume of glucose L

BIE Basal insulin effect of glucose effectiveness 1073 -min’!
GEZI Glucose effectiveness at zero insulin 102 -min’!
AIR Mean of suprabasal insulin in the time interval 3-8 min pmol/L
ACPR Mean of suprabasal C-peptide in the time interval 3-8 min pmol/L

DI Disposition index min’!

BSR Basal secretion rate pM/min

Dic B-cell responsivity to glucose pM/min/(mg/dL)
AUCsEcr Area under the secretion curve during the entire test pmol
AUCsgcr-1p Area under the secretion curve during the 15 phase of test pmol
AUCsgcrop  Area under the secretion curve during the 2™ phase of test pmol
CLMEAN Mean insulin clearance during the entire test L-min’!
CLMEAN-1P Mean insulin clearance during the 1% phase of test L-min"!
CLMEAN-2P Mean insulin clearance during the 2™ phase of test L-min’!

CLp Extra-hepatic insulin clearance L-min’!

FEL Hepatic insulin clearance %

IPEAK-FIRST Peak insulin after glucose injection pU/mL
Ipeak-miect  Peak insulin after insulin injection pU/mL
Cpeak Peak C-peptide ng/dL
DOSE Glucose dose injected per kg of body weight g/kg
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The input dataset has been preprocessed by firstly detecting and removing outliers
among PROG and NONPROG through Local Outlier Factor (LOF), a measure of the
local deviation of the density of a given sample with respect to its neighbors [136];
settings for the LOF algorithm were: “Contamination” = 4%, ‘“Neighbors” = 20,
“Metric” = Euclidean. Feature selection, consisting in the selection of a subset of
pertinent features, aims to reduce the dimensionality of the model without
compromising classification performances. Keeping irrelevant features might also
degrade classification accuracy by introducing noise in the model. Thus, the
preprocessed dataset has been given as input to a classification algorithm based on
decision tree, which is suitable for feature selection since it determines the best
predictive features considering class purity to split the data into nodes; information
gain ratio was the score used by the tree to evaluate features for splitting instances in
anode. Parameters of the decision tree were set as follows: “Induce binary tree”, which
means that the generated tree will be a binary tree; “Minimum number of instances in
leaves” = 3, meaning that the algorithm does not undertake a split which would put
less than 3 training samples into any of the branches; “Do not split subsets smaller
than” = 5, which inhibits splitting the nodes with less than 5 instances; “Maximal tree
depth” = 100, which limits depth of the tree to 100 node levels; and “Stop when
majority reaches 95%”, indicating that the algorithm stops splitting the nodes after
reaching 95% of the classified sample.

To evaluate the predictive power of the selected features in solving the
classification problem, they were given as input to different classification algorithms,
namely Naive Bayes (a probabilistic classifier based on Bayes’ theorem with the
assumption of feature independence), which did not require any parameter setting, and
penalized logistic regression, whose parameters were set as follows: “Regularization
type” = RIDGE (L2), Cost strength (C) = 1. L2 regularization has been used since it
was seen that penalized regression models show advantages in scenarios with small
sample size and multiple highly correlated metabolic variables [137]. All the
classification algorithms have been built by using a 5-fold cross validation; features
given as input of the classification algorithms have been normalized to zero mean and
unit variance to adjust their values to a common scale. Performance evaluation was

done on the average across the 5 folds.
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Figure 10. Workflow used for data analysis.

3.2.4 Performance measures

By considering PROG class as positive and NONPROG class as negative, the
following definitions apply: the PROG cases classified as PROG by the classification
algorithm were considered as true positive (TP); the NONPROG cases classified as
NONPROG by the classification algorithm were considered as true negative (TN); the
NONPROG cases classified as PROG by the classification algorithm were considered
as false positive (FP) and the PROG cases classified as NONPROG by the
classification algorithm were considered as false negative (FN).

The performance of each classification algorithm has been evaluated by
computing the following measures: the area under the curve (AUC) of the receiver
operating characteristics (ROC), the classification accuracy (CA, i.e., the proportion
of cases correctly identified by the classification algorithm); the precision (PR, i.e., the
proportion of TP among cases classified as positive); the sensitivity (SE, also indicated
as recall, i.e., the proportion of positive cases that are correctly classified); the
specificity (SP, i.e. the proportion of negative cases that are correctly classified); the

F1 (i.e. the weighted harmonic mean of PR and SE).

3.2.5 Classification algorithms comparison

Venn diagrams were used for comparison of classification algorithms in terms of
correctly classified and misclassified cases. Moreover, comparison of the performance
measures (AUC, CA, PR, SE, SP and F1) has been performed through the Bayesian
interpretation of the pairwise Student’s t-tests [138].
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3.3 Results

Characteristics of the pre-processed dataset are reported in Table VII and 25 out of 34
have been found statistically different. Removed outliers were 3 (1 NONPROG and 2
PROG), thus resulting in a total of 75 cases. Feature selection performed through
decision tree provided 6 features for the classification and the identified thresholds
were 0.3 min’!, 28.7 kg/m?, 32.4 pM/min, 39 years, 95 mg/dL and 240 pmol/L for DI,
BMI, BSR, age, g, and Cpmean, respectively (Figure 11). The selected features have
been found to be significantly different between PROG and NONPROG, but in
CpmEean significance was weak (p=0.04, see Table VII).

Confusion matrices for decision tree, Naive Bayes and penalized logistic
regression are reported in Figure 13, where correctly classified cases by each
classification algorithms resulted to be 62, 61 and 63, respectively. The related ROC
curves are reported in Figure 12. Performance of each classification algorithm in terms
of AUC, CA, PR, SE, SP and F1 and comparison among algorithms are reported in
Table VIII and IX, respectively. Penalized logistic regression outperformed tree and
Naive Bayes in terms of AUC, CA, SE and F1 but not in terms of PR and SP (in which
Naive Bayes was superior). The Venn diagrams for comparison among models of
correctly classified/misclassified cases are shown in Figure 13; correctly classified or

misclassified cases by all the classification algorithms where 53 and 5, respectively.
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Figure 11 Best predictive features selected by decision tree.
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Table VII. Characteristics of the pre-processed dataset.

Characteristics PROG (n=17) NONPROG (n=58) p-value
age 36.6 4.7 333+42 <0.01
BW 75.0[18.8] 65.8[15.0] 0.03

h 158[12] 164[12] 0.04
BMI 30.6+6.4 254+3.9 <0.001
2v 96 [11.50] 84 [8] <0.001
GMEAN 5.9[0.8] 5.1[0.7] <0.001
ImEAN 211.9[102.8] 201.8[78.3] n.s
CpmEean 240.9[65.4] 182.4[97.2] 0.04
AUCs.1p 1520.9[1120.0] 2125.5[1053.2] <0.01
AUCns2p 36992.9[18872.1] 34468.1[1417.8] n.s
Kai 1.56 [0.63] 1.93 [0.88] <0.001
Ka2 34+1.8 47+1.8 0.01
SI 3.1[2.0] 4.7 [2.7] 0.02
Sg 0.018[0.008] 0.022[0.005] <0.01
v 13.9[1.00] 13.4[1.36] n.s
BIE 2.4[L.5] 3[2.4] n.s
GEZI 1.7 [0.6] 1.9 [0.7] n.s.
AIR 132.8[103.0] 194.4[126.5] <0.01
ACPR 158.2[150.0] 254.0[138.8] <0.01
DI 0.52 [0.76] 1.36 [1.25] <0.001
BSR 39.6 [10.9] 31.8[10.4] <0.001
Dy 42.02 [33.31] 67.80[31.90] <0.01
AUCsgcr 32324.0[11317.6] 24734 .9[15607.7] 0.03
AUCsEcr-1p 6252.9[3285.6] 7146.2[3591.8] 0.02
AUCsgcr-2p 27324.0[9849.6] 17450.7[15298.7] <0.01
CLMEAN 0.78[0.47] 0.69[0.42] 0.03
CLmEeAN-1P 4.17[1.76] 3.30[0.92] n.s.
CLmMEAN-2P 0.68[0.35] 0.53[0.39] <0.01
CLp 0.56 £0.53 0.39+0.42 n.s.
FEL 0.50[0.13] 0.53 [0.14] n.s.
IpEAK-FIRST 36.0[39.3] 53.2[39.5] <0.01
Ipeak-NIECT 559[150] 493[281] n.s.
Creak 380[140] 465[197] 0.04
DOSE 22.5[5.6] 19.7[4.5] 0.02

Data are presented as mean + standard deviation or median [interquartile range]. Significance level: p-values <
0.05. n.s. not significant.
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3 Model-based data-driven analysis

Table VIII Performances measures obtained for the three classification algorithms.

Performance
measures
AUC

CA

Precision
Sensitivity
Specificity

Fl1

Tree

0.795
0.827
0.830
0.827
0.700
0.828

Classification algorithm

Naive Bayes

0.831
0.813
0.854
0.813
0.821
0.824

Logistic regression

0.884
0.840
0.834
0.840
0.662
0.836

Table IX Comparison of the performance measures among the classification algorithms through
Bayesian interpretation of the pairwise Student’s t-tests. Percentage probabilities that the score for the
classification algorithm in the row is higher than that of the classification algorithm in the column are

reported.
AUC
Tree Naive Bayes Logistic regression
Tree 26.2 11.3
Naive Bayes 73.8 28.3
Logistic regression 88.7 71.7
CA
Tree Naive Bayes Logistic regression
Tree 57.5 42.5
Naive Bayes 42.5 38.0
Logistic regression 57.5 62.0
Precision
Tree Naive Bayes Logistic regression
Tree 359 42.0
Naive Bayes 64.1 54.0
Logistic regression 58.0 46.0
Sensitivity
Tree Naive Bayes Logistic regression
Tree 57.5 42.5
Naive Bayes 42.5 38.0
Logistic regression 57.5 62.0
Specificity
Tree Naive Bayes Logistic regression
Tree 13.3 57.6
Naive Bayes 86.7 86.6
Logistic regression 424 134
F1
Tree Naive Bayes Logistic regression
Tree 52.0 47.2
Naive Bayes 48.0 46.0
Logistic regression 52.8 54.0
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3.3 Results

Sensitivity

1-Specificity

Figure 12 Receiver Operating Characteristics (ROC). Line for decision tree is in purple, for Naive Bayes
in green and for logistic regression in orange. Default threshold = 0.5.
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Figure 13. A) Confusion matrix for decision tree, Naive Bayes, and logistic regression; B) Venn
diagrams; left: correct classifications; right: misclassifications.
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3 Model-based data-driven analysis

3.4 Discussion and conclusions

The feature extraction instead of the use of raw data such as plasma concentrations of
glucose, insulin and C-peptide measured during the IM-IVGTT allowed a deeper
interpretability of the findings.

The main novelty of this study was the application of machine-learning
techniques to such a kind of database and in the specific context of T2D risk
assessment in women with history of GD. Indeed, previous studies in the same context
have focused on lipidomics or metabolomics [127], [128], [129]. In particular, the
study by Lappas et al. [127] aimed to determine whether circulating lipid levels 12
weeks following pregnancy with GD were associated with an increased risk of T2D
development and identified CE 20:4, PE(P-36:2) and PS 38:4 lipid species as
significant risk factors. The other two studies (by Kahn et al. [128] and Allalou et al
[129]) proposed different predictive signatures including different metabolites;
moreover, reduced sphingolipids have been associated with the transition from GD to
T2D [128]. Such “omics” approaches, however, are still not typically used in clinical
practice, thus making our study an easier alternative from the technical point of view.
It is worth noting that metabolomics/lipidomics predictive power could be enhanced
complementing it with classical clinical and biochemical markers [139], therefore our
approach could be seen as complementary with respect to omics approaches once they
will reach clinical settings.

The main result here is the identification of disposition index, basal secretion
rate of insulin and mean area under the C-peptide concentration curve among the most
relevant features for the progression to T2D. Among indexes quantifying specific
metabolic processes, basal secretion rate of insulin and mean area under the C-peptide
concentration curve provide a quantification of insulin secretion, while disposition
index represents the combined contribution of insulin secretion and insulin sensitivity
and its importance is supported by evidence since it was already found to predict
conversion to T2D in a large epidemiological study [140]; besides such indexes, also
age, body mass index and fasting glycemia have been selected.

Comparisons between the tested classification models were based on AUC,

CA, precision, sensitivity, specificity and F1 and showed that logistic regression
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3.4 Discussion and conclusions

resulted the best model for the classification of progression to T2D since it reported
higher values than Naive Bayes and decision tree in 4 out of 6 measures, specifically
AUC, CA, sensitivity and F1, while Naive Bayes performed better only in precision
and specificity, and decision tree reported lower values than the other models in all the
measures. Logistic regression presented higher value of correct classification and
lower value of misclassification followed by decision tree and Naive Bayes. Moreover,
being inclusion of penalized regression (L1 or L2, as in this study) characterized by
the fact that it may include a small bias into the maximum likelihood estimation, we
could claim that this helps to reduce the variance and improves the generalization of
results [141].

Machine-learning methodologies have been extensively explored in the field
of T2D prevention and management [113], [114], [119], [120], [121], [123], [124],
[125], [126] but also showing possible critical issues. In fact, the analysis on large
amounts of heterogeneous data is affected by the presence of spurious correlations
[142], which indicate that the creation of appropriate fine phenotyped databases as
done in this study is of primary importance to achieve reliable results. Even though the
population under study was constituted by a limited number of subjects, they have
been strictly controlled and monitored during a long follow-up period. Moreover, the
subjects have been carefully screened to detect outliers and these were dropped out
from the dataset before the analysis; the choice of dropping out the outliers instead of
performing data imputation only for specific features was taken to reduce as much as
possible bias and uncertainty. Thus, on one hand the use of machine-learning
techniques, usually involving large amounts of data, is justified in this study by the
high number of features included in the generated dataset, from which machine-
learning may allow determination of the most relevant ones. On the other hand, with a
low number of subjects and a high number of features, overfitting may occur and
achieved results may be a little optimistic, especially when using decision tree
algorithm also used for feature selection. It has to be acknowledged that this may be a
risk of this study; however, the adoption of well-known strategies such as pruning
(through which the redundant branches can be cut beforehand) and k-fold cross

validation allowed us to mitigate such risk [143].
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3 Model-based data-driven analysis

In this study, data analysis has been performed by using Orange Data Mining
[135], a Python based tool that show the advantage of providing a visual programming
front-end for explorative rapid qualitative data analysis and interactive data
visualization; on the other side, even if the program is under continuous update, it may
happen that possibilities in data analysis are limited by the procedures implemented in
the “building blocks”. Further studies may explore different and more customizable
learning algorithms starting from the results of this study.

In conclusion, this was the first study applying machine-learning techniques to
a database that contain features quantifying metabolic processes based on challenge
test in women with a history of GD at risk to develop T2D. We found that disposition
index, basal secretion rate of insulin, mean area under the C-peptide concentration
curve, age, body mass index and fasting glycemia were identified as the most relevant
features for the progression from GD to T2D. This result is of impact since the
information provided from this pattern could be of interest for the study and
characterization of diabetes pathophysiology and could shed light on GD, potentially

accelerating opportunities for prevention and treatment [5].
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4.1 Software packages and tools for the analysis of CGM data

4 Standardization of CGM data analysis

3 The advancement in CGM technology raised the need of interpreting the large
amount of produced data which in turn has led to the definition of lots of metrics useful
to assess glycemic control [144], [145], accompanied by data display modalities to
assist clinicians and patients in the management of therapy and in tracking their
progresses. As a consequence, CGM data interpretation has been suffering from a lack
of standardization, even though in the last ten years much work has been done to
overcome this limitation [146]. A first important achievement was represented by the
recommendation by the ADA for the adoption of a template report named Ambulatory
Glucose Profile (AGP) [147], which nowadays is currently adopted by the majority of
CGM devices manufacturers; a second achievement was reached in two steps,
happened in 2017 and 2019 (ADA 2017 international consensus on CGM data analysis
and ADA 2019 international consensus on time in range), when was reached
international consensus on CGM data analysis, which recommended standard metrics
that should be computed in clinical care [148], [149].

This chapter aims to make a step toward standardization of CGM data analysis,
by investigating the agreement between metrics computed by different available
software and tools in an effort to identify which would be the most reliable and suited
one to be used in the next steps of the research involving CGM data analysis. Section
4.1 will review 12 software packages that have been identified from the literature,
namely: Glyculator, EasyGV, CGM-GUIDE©O, GVAP, Tidepool, CGManalyzer,
cgmanalysis, GLU, CGMStatsAnalyzer, iglu, rGV, cgmquantify. Section 4.2 will then

summarize the main findings.

4.1 Software packages and tools for the analysis of CGM data

CGM data interpretation is facilitated by software solutions, which have different
characteristics in relation to the intended users (i.e., researchers, clinicians and/or

patients) and provide partially different reports of CGM data with also different

3 This chapter contains material published in [169], [284].
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4 Standardization of CGM data analysis

metrics. Ascertaining which functionality fits for each user requirement, however, is
sometimes not so straightforward.

Being our focus on non-commercially available solutions, 12 software
packages published until December 2021 have been identified from the literature. The
timeline of their first publication is shown in Figure 14. Comparison has been done in

terms of’

¢ main characteristics (i.e., presence of a Graphical User Interface (GUI),
availability, presence of open-source code, programming language,
supported CGM devices, data upload and download, supported data
format and organization of the data structure, documentation, presence
of a toy example, video tutorial, measurement-units conversion);

e preprocessing procedures;

e data display options;

e computed metrics (also analyzed in terms of adherence to the ADA
2017 and the ADA 2019 international consensus) and agreement

between metrics computed by different software and tools.

On the basis of such comparison, Section 4.2 will discuss the main findings in terms
of usability and complexity of data management, as well as the possibility to perform
customized or patients-group analyses, by highlighting limitations and strengths also

in relation to possible different user categories (i.e., patients, clinicians, researchers).

CGMStatsAnalyser R

N\
: IgluR rGv P
TIOE RGO R R
cgmanalysis cgmquantify
) o ) ez ) o ) s ) oYz ) o ]
R | R
‘\ CGManalyzer GLU

Figure 14. Timeline of the first publication of available software packages for CGM data analysis.
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4.1 Software packages and tools for the analysis of CGM data

4.1.1 Standardization of CGM data analysis

Main characteristics of the available software packages and tools are summarized in
Table X. Available display options for each software package are listed in Table XI.
Introductory information for each of them is provided in the related subsections in the

following.

GlyCulator

GlyCulator [150], [151], [152], is web application available in its latest version as

Glyculator 3 (https://glyculator.btm.umed.pl/). However, the source code is available

for the version Glyculator 2 (https://github.com/kpagacz/glyculator). It shows a large

versatility, since dataset loading can be performed specifying the CGM manufacturer
among those supported or choosing to import a generic data format. The computed
metrics are easily accessible and downloadable in *.csv format from the online

platform, together with the raw data file and the metadata file.

EasyGV

EasyGV [153], [154] (easy Glycaemic Variability) is a software application developed
in Visual Basic and enabled in an Excel (Microsoft) workbook. The latest version
EasyGV  software  vI0 is  freely  available at the  website:

https://www.phc.ox.ac.uk/research/resources/easygv. It is largely used in research also

thanks to its ease of use. One of its main characteristics is that time stamps are not
mandatory for computations, thus if the user does not include them in the spreadsheet,

the software does not allow to select specific time periods during the analysis.

CGM-GUIDE®

CGM-GUIDE®[155] (Continuous Glucose Monitoring GUI for Diabetes Evaluation)
was designed using MATLAB environment version 2008b and has not been made

publicly available.

GVAP

GVAP [156] (Glycemic Variability Analyzer Program) software package was
developed in MATLAB environment version 2010b and it is open-source and freely

available at https://sourceforge.net/projects/glyvariab/files/?source=navbar, providing
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the instructions to build a standalone Windows-based application following a few steps
in MATLAB environment. CGM data must be provided in a table with *.xIs extension
and containing four columns, Date, Time, Glu (glucose, expressed in mg-dl!"), Index

(a counter associated with each glucose value), and at least 101 rows.
Tidepool

Tidepool Platform [157] is a cloud-based comprehensive platform for diabetes data
management that integrates information from different applications and devices. The
dashboard is named Tidepool Web, whose code is fully available on GitHub
(https://github.com/tidepool-org/blip). It is free for clinicians and patients and by

paying a fee, access to anonymized datasets is provided. A mobile app for data
visualization and event tracking (i.e., meals, carbohydrate intake, insulin boluses,
exercise) is included and a new one, the Tidepool Loop app, recently obtained Food
and Drug Administration (FDA) clearance and is intended to connect via Bluetooth to

commercially available insulin pumps and CGM devices to act as a controller.

CGManalyzer

CGManalyzer[158] is a free software package developed in R environment and

available at: https://cran.r-project.org/web/packages/CGManalyzer/index.html.

Among its features, it allows comparing data of different populations, such as T1D,

T2D, pre-diabetes and healthy people.
cgmanalysis

cgmanalysis[159] i1s a free software package developed in R and available on the

CRAN repository at https://cran.r-project.org/web/packages/cgmanalysis/index.html;

its source code is also available on GitHub. It gives a list of supported CGM devices
together with the possibility to provide a manually adjusted three-column *.csv file

containing an identifier, ID, time stamp and glucose reading.

GLU

GLU[160] is a software package developed in R environment and is freely available

on GitHub at https://github.com/MRCIEU/GLU. It gives a list of supported devices

but in the case of devices other than those in the list a data analysis can be performed
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through the conversion to a general format. Of note, data analysis may consider
nighttime and daytime separately, or allow specifying pregnancy and diabetes

conditions to consider populations specific characteristics and metrics settings.

CGMStatsAnalyser

CGMStatsAnalyser[161] is a freely available web-based application accessible at
https://baker-biostats.shinyapps.io/CGMStatsAnalyser/. Multiple CGM data files can

be uploaded into the software using the dedicated button to statistically compare the
summary metrics between groups of subjects; it enables selecting the metric to test and
the variable chosen among those of the subject characteristic file, also providing a

displayed summary of the test results that can be downloaded as a *.csv file.
iglu

iglu [162] is a free open-source software package developed in the R environment and

available at https://github.com/irinagain/iglu. The data accepted by the software can
come from any device, given the three column format containing the identification of
the subject (‘id’), date and time (‘time') and the measurement of blood glucose ('gl")
expressed in mg-dl!. Of note, it addresses the fact that time-dependent metrics requires
evenly spaced data between glucose values by generating a grid of equidistant glucose

measurements through the CGMS2DayByDay function.

rGvV

rGV[163] is a free open-source software package developed in R environment with a

GUI available at https://shiny.biostat.umn.edu/GV/. It supports any CGM device after

using the function read. CGM, which enables data cleaning by formatting to a general

two-column frame containing only time stamps and glucose readings.
cgmquantify

cgmquantify[ 164] is a free open-source software package, developed in both in Python
programming language and R environment and is available at

https://github.com/DigitalBiomarkerDiscoveryPipeline/cemquantify. Some CGM

devices are supported, but import functions are included to format data in a three-

column frame: glucose, datetime, day.
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Table X Overview information of software packages for CGM data analysis.

S
53
2
= 5 g
Name = =] = 2 < ‘E
2 5 3 T 3 - g
o g
=] T o =3 < = 72| =
: 2% = £ £ 2 § 5 = SO
= & & > = O E = & = 5 E
@) = Q &} = Q ) &) Q o0 = 1)
Year of .
bz oct- oct- dec- apr- sep- gen- oct- feb- gen- apr- jul- aug-
K 21 20 11 15 15 18 19 20 21 21 21 21
version
Citations 68 221 24 19 29 17 23 4 0 5 0 1
GUI yes yes yes yes yes no no no yes yes yes no
Available yes yes no yes yes yes yes yes yes yes yes yes
Open source noi no no yes yes yes yes yes no yes no yes
Programmin Mat Mat R
g J R Mi 2008 2010 IS R R R ap R R ’
Language# b b Py
Dia
AVF - Dex ) noF
Glut  Med Med Dex
Supported " o ] AbF . AbP o
& any any* any* any 11 Dex  iPro2 iPro2 any ADbF
devices§ Dex « Med o
Med CL any . any
G6 iPro
any*  ADbF any* any*
any* y y
Ccsv,
Data format :{;’ xlsm xls xls d.s. d.s. csv csv csv csv csv csv
xlsx
. ‘ o T . o g,
time, time, time, . time, time, . time, .
Data frame gl d.s. d.s. time, time, time,
el gl gl, 1 el el | gl
e g g y
Missing data es es no es - es es es - es - -
imputation ¥ Y Y Y ¥ ¥ ¥
qul;:[l)il;;cessmg med med med  med - high  high  high med high med med
. both SI mg mg mg SI SI mg mg mg
Input units units  units  -dit gt POt both g it units  dI? dl? -dl
(A lay e low low - med. - high med. med. med. med med. med
data upload
Download
reports/data yes yes - no yes yes yes yes yes yes yes yes
extraction
Units to SI
. yes no no yes no no no no n.a. no yes
conversion only
Documentation yes yes no yes yes yes yes yes yes yes yes yes
Updating yes yes no no yes yes yes yes new yes new new
Toy example yes yes no yes yes yes yes yes no yes no yes
Video tutorial yes no no no yes no no no no no no no

Number of citations provided is based on Scopus (latest search May 2022).

* any device is accepted after conversion to a general format;

# Programming languages: R, Microsoft (Mi), Matlab (Mat), Javascript (JS), Java (J), Python (Py), Ruby (Ru);

§ Supported devices: Abbott FreeStyle Libre (AbF), Glutalor (Glut), Dexcom (Dex), Medtronic (Med), Diasend
(Dia), Carelink (CL), Abbott FreeStyle Libre Pro (AbP);

- not available information;

1 Glyculator source code available only for the previous versions;

gl:glucose; idx:index; d.s.: device specific; n.a: not available; med.: medium.
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Table XI. Available display options for each software package.

Name
Glyculator

EasyGV
CGM-GUIDE

GVAP

Tidepool

CGManalyzer

cgmanalysis

GLU

CGMStats
Analyser

a)
b)

a)
b)

©)

a)
c)
d)

a)
b)

Display options
daily CGM graphs
multi-patient time in range visualization

(all downloadable analysis report in .pdf)

none
glucose trace with colored areas under hyper- and hypo-glycemic
ranges
transition density profile, which allows visualizing and evaluating
the dynamics associated with frequency of glucose fluctuations
across critical glycemic regions
rate of change and histogram of the rate of change computed for
every recorded time interval

glucose curve
mean amplitude of glycemic excursion (MAGE) curve

daily blood glucose readings (with colored lines depending on the
target ranges set)

CGM trends related to 1 up to 4 weeks (also with the possibility to
select only weekend-related data)

percentage spent in the selected ranges (represented through a bar
graph)

other information related to specific metrics and sensor usage
(displayed through widgets)

glucose levels in several subjects at the same time

glucose levels in time

multiscale sample entropy (MSE[165]) both for each subject and for
each group

“antenna plot” to display, both for glucose levels and MSE at each
scale, differences among pair of groups, reporting for each pair of
groups the mean of difference and its confidence interval on the x-
axis and the strictly standard mean difference (SSMD[166]) on the
y-axis

Aggregate Daily Overlay (ADO), with Tukey smoothing version
showing median, interquartile range and Sth and 95th percentiles of
CGM values over the 24-hour period (similarly to the AGP report)
ADO Loess smoothing version, showing all CGM data points and an
overlapped curve representing the mean

color-coded representation of mean glucose for each subject

glucose trace versus time, also including indicators of events (if
provided) including meal times, exercise, use of relevant drugs, and
capillary blood sugar measurement levels

Poincare graphs, to visualize the blood glucose variation, in which
each point on the graph is the glucose level of the sensor in the time
point t compared to the glucose value of the sensor at time t + 1
histograms of glucose measurements distribution. SMG data are also
visualizable

trace of glucose with respect to time represented by the median value
and the 5th and 95th percentiles

interactive visualization of metrics through violin plots, with the
possibility to observe the different distributions according to a
specified grouping variable
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Name Display options
c) heatmap of the correlation between the computed metrics

iglu a) glucose trace plot over time for each subject

b) Lasagna plots, which allow visualizing data trends across different
subjects or different days for the same subject by using color grids

c) change in the variability of glucose as the rate of change shown
through a time-series graph (in which each glucose measurement
point is colored reflecting the corresponding rate of change value),
or through a histogram plot

d) an AGP report organized in three panels: glucose statistics and time
in ranges in the first, CGM glucose profile (with the respective
quantiles) in the central and daily glucose profile with colored
hyperglycemic and hypoglycemic areas in the third

rGvV a) plots of glucose trace over time
b) rate of change of glucose over specified time intervals
c) a plot representing symmetrized blood glucose values over time,
based on a function that transforms glucose readings to balance the
amplitudes of hyper and hypoglycemic ranges and makes them
symmetric around zero[167].

cgmquantify a) longitudinal CGM data, including mean, standard deviation and
hyper- and hypoglycemia according to personalized or standard
clinical thresholds
b) Locally weighted scatter plot smoothing (LOWESS) curves can also
be displayed over the original CGM data to facilitate interpretation

4.1.2 CGM metrics

A comprehensive summary of the CGM metrics computed by the 12 software packages
along with their description is given in Table XII. In order to perform a comparison of
the available software packages and tools (with reference to their latest version) in
terms of computable metrics, a standard CGM recording from the open DINAMO
dataset [168] was considered. The selected CGM recording pertains to a patient with
type 1 diabetes (Subject 1) and was obtained through an iPro2 Professional CGM
device. Results of the analysis are reported in Table XIII, which is also useful to check
which are the metrics that can be computed by each tool. Results of the analysis for
the whole DINAMO dataset was reported in the published work supplementary
material [169]. Further details about peculiarities in the modality of metric
computation that may be useful from a practical point of view when using the different

packages are provided Table XIV.
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Table XII Description of all the metrics that can be found in at least one of the revised software solutions.

Metric

eAlct

%TART]

%TBRYt1

%TIRYI

%of expected CGM
readingsti

ADRR

AUC#

AUC-high/low
COGI
CONGA
CVT1

daytime

Distance Travelled
EF

excursions_over/under

Fasting Proxy

FD

GMIi

GRADE

GVP
HBGI/LBGIt
Hyper/Hypo Index

IGC

IQR
J-index
LI
MAD
MAG

MAGE

max
meant i
median
MGE
MGN
min
MODD
MSE

Description

Estimated HbA1c[170], [171]

Percentage of time spent above range (sometimes given in minutes)
Percentage of time spent below range (sometimes given in minutes)
Percent of time spent in the target range (sometimes given in minutes)

Percentage of time the device was active with respect to the wearing time

Average daily risk range, assessment of total daily glucose variations
within risk space[172]

Area under the glucose curve (eventually normalized to the duration of a
measurement)

AUC above and below the hyper-/hypoglycemic limit

Continuous glucose monitoring index[173]

Continuous overall net glycemic action[174]

Coefficient of variation of glucose trace (sometimes given in %)
Number of all sensor glucose values during specified daytime hours[159]
The sum of the absolute difference in glucose levels for one day of
consecutive CGM readings[175]

Excursion frequency, corresponding to the sum of all excursions

The number of local glucose peaks with an amplitude greater than a
specifiable threshold [159]

Measure of fasting glucose levels computed as the mean of the six lowest
consecutive glucose values occurring during night[160]

Fractal dimension[176]

Glucose management indicator [177]

Glycemic risk assessment in diabetes equation[178]

Glycemic variability percentage[179]

High blood glucose index/ low blood glucose index[172], [180]
Hyperglycemia/hypoglycemia index[146]

Index of glycemic control, equal to the sum of hyper index and hypo
index[146]

Interquartile range of glucose

Measure of both the mean level and variability of glycemia[181]
Lability Index[182]

Mean absolute deviation

Mean absolute glucose change per unit time[183]

Mean amplitude of glucose excursions (default = 1SD)[184], [185],
[186], [187]

Maximum glucose over all days

Mean glucose over all days

Median glucose over all days

Mean of glucose outside range (default = 1SD)[185]

Mean of glucose inside range (default = 1SD)[163]

Minimum glucose over all days

Mean of daily differences in glucose[188]

Multiscale sample entropy[165]
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Metric
M-value
nighttime

Number of days CGM
wornt
number
per day
number

of episodes

of missing
values

PGS

PIR

POR

Post-event AUC
Post-event time to
peak

Q1

Q3

Range

ROC

SD¥

SD of ROC

sGVP

Description

Measure of variation of glucose values around a reference value[189]
Number of all sensor glucose values during specified nighttime
hours[159]

Number of days the device was worn
Number of episodes (below 54 mg-dl! and above 70 mg-dl-1) per day

Number of missing glucose readings

Personal glycemic state; composite index that assesses four domains of
glycemic control: mean glucose, glycemic variability, time in range and
frequency and severity of hypoglycemia[190]

Percent of time spent inside range specified as multiple of SD (also in
minutes), default = 1SD[191]

Percent of time spent outside range specified as multiple of SD (also in
minutes), default = 1SD[191]

Mean of the blood glucose measurements applied to the 15 minutes
occurring 1-hour or 2-hour after meal, medication or physical exercise
events[192]

The number of minutes between the meal and the subsequent glucose
peak value[192]

First quartile glucose value over all days

Third quartile glucose value over all days

Range of glucose values

Rate of change of glucose

Standard Deviation of glucose trace

Standard deviation of the rate of change of glucose

Standardized glycemic variability percentage; length of the flattened
glucose trace after being standardized, which reflects the degree of trace
undulation[193]

Please note that in the original software name of the metric may slightly differ from the one here reported.
T Key metrics for CGM data analysis recommended by the 2017 international consensus on use of CGM[148];
1 Standardized CGM metrics for clinical care recommended by the 2019 international consensus on time in

range[149].
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4.1 Software packages and tools for the analysis of CGM data

Table XIII. Compendium of metrics values computed on a single standard CGM recording according to
the different software packages.

= E 2 » &
8 > o z £z =5 £
g | ¢ g | 5 g < 3
o ]
Version used 3.0 10 1.1 1.3 273 1020 0.1.0 | 3.3.1 | 0.0.1 | 0.1.0
eAlc (%) 8.4 84 | 84 8.4
(T()Z‘)R'leve”” 49 | 49 | 4o# 50 | 500 | s0 | 49 | 24
(TOE)R'leV"”” 10 | 10 | 10¢ 10 | 10| 4 | 10| 4
Z,f‘)R'levelz 25 | 25 | 254 25 | 258 | 25 | 25 | 25
0
TBR-level2 %
) 6 6 6# 6 | 6# | 6 6 6
TIR (%) 41 41 N 41% 41 41 41
Expected
CGM 100% 100§ 100
readings (%)
ADRR (d.n.) 65.7 5468 | 65.7 | soon
1.5
6.2 (10
AUCH -(10%) * )*
mol 1y | 107 2| 107 10.7% | )
‘min 24h
AUC
133.0
AUC- a4 (102
high/low] n '1 % )
(mmol-17) : /-
‘min
COGI (%) 365
CONGAL1 . . . .
(mmol'l'l) 3.19 | 2.2*§ 2.5 2.5 2.5 2.5 2.5 soon
%CV (%) 48 | 48% 48% 48 | 48 | 48 | 48
Distance
Travelled 215 9
(mmol-1')
EF (count) 20
Excursions
over/under 7/3
(count)
Fasting
proxy 5.8
(mmol 1)
GMI (%) 7.9 7.9 79 | 79 | 79
GRADE 14.85 | 14.37 14.85 | 14.85
(d.n.)
GRADE- *
Hyno (%) 14 14 | 13%
GRADE- %
Eusly (%) 3 30| 3%
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Glyculator
EasyGV
GVAP
CGManalyzer
cgmanalysis
GLU
CGMStats
Analyser
iglu
rGV
cgmquantify

GRADE- .
Hyper (%)

GVP (%) 29.68 1.291 | 29.68

HBGI (dn) | 14.22 | 14.23 1746 1426 | 1423 | 1423 | 5.54°

Hyper/Hypo 3.66/
Index (d.n.) 3.13

IGC (d.n.) 6.78 6.78

IQR .
(mmol-1") 6.7

J-index

(d.n.) 81.60 | 81.44 81.44 81.44 | 81.44 | 81.46 | 81.44

LBGI (dn) | 2.53 | 2.54 13.75 2.54 | 2.54 | 254 | 3.60°

LI (d.n.) 6.3 6.3*

MAD .
(mmol 1) 4.9% 35 3.3

MAG

(mmol 1) 23 22 | 23

MAGE}

1 8.7 124 | 9.0%* 8.1* 8.6 | 12.5% | na. soon
(mmol-17")

MAGE+/

9.1/ 12.6/
MAGE-
(mmol_l_i]) 8.9% 12.5%

max/min 222/ | 222/ 22.2/ 22.2/
(mmol-1") 22 | 2.2* 2.2% 2.2%

Eﬁfﬁ)l-rl) 107 | 10.7 | 10.7* | 10.7 | 10.7* 10.7 | 10.7* | 10.7% | 10.7*

median

k * k
(mmol-I) 9.9 9.9 9.9 9.9 9.9

MGE *
(mmol-1") 117

MGN 10.77
(mmol 1) *

xl?nlz?l_l) 44 | -1.0§ | 09§ | 4.4 4.4* | 44* | soon

MSE (d.n.) array

M-value 294.8
(d.n) X 47.5 47.5 | 65.57

number of
days CGM 4 4 4
worn

number of
episodes per 0.5
day

number of
missing 0 0
values

PGS (d.n.) 26.99

PIR (%) n.a.
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3 2] >
g > s z g5 £
2 S © = E B = £
@) &} o0 @} &0
o )
POR (%) 33
Post-event no
AUC event
Post-event
time to peak no
. event
(min)
QI/Q3 72/ | 7.2/ 7.2/ 7.2/
(mmol-17) 13.9 | 13.9* 13.9* 13.9*
Range
(mmol 1) 20.0%
ROC
(mmol-1! array
min’!)
IS)D(mmOl'l 51 | 51 | 51*% | 51 | 5.1* 51 | 5.1% | 5.1% | 5.1*
SD of ROC
(mmol-1"! 0.05*
min™!)
sGVP (%) 0.022
Total
computed 19 26 12 10 23 11 15 39 28 19
metrics
Total
computed 13 9 5 1 14 | 6 10 | 14 | 1 6
standard
metrics
Total error
and 119 | 126 | 2/12 | 1710 | 4/23 | 0/11 | 0/15 | 1/39 | 0/28 | 3/19
warning/Tot
al metrics

Grey-color cells indicate consensus metrics (2017 and 2019); settings for the metrics are as follows: n=1 for
CONGA, LLTR = 80, ULTR = 140, a = 1.1, b = 2, ¢ = 30, d = 30 for IGC, Hyper and Hypo Index, M100 is
considered for the M-value; d.n. stands for dimensionless number; n.a. indicates that the metric was not given as
output when using the tool; “no event” indicates that the metric cannot be computed when event information is
absent (as in the present case); “soon” means that the metric is only available in the Python-based version and, as
declared by the software authors, will be made soon available in the R version (the one here used).

Metric values in agreement with the expected ones are marked in bold; errors/warnings/notes are marked with flags
described below (detailed explanation is provided in Supplementarylnfo.docx).

Error/warning flags:

~ error in the computation;

§ warning on the code;

9| warning on identified difference for no apparent reason that can be detected by the authors.

Note flags:

i difference due to the specific algorithm used and/or the time interval considered for metric computation;

|| difference due to inclusion/not inclusion of level 2 values as part of level 1 (>180 mg-dI-1 or 181-250 mg-dI-1
for TAR-level 1 and <70 mg-dl-1 or 54-69 mg-dl-1 for TBR-level 1);

T difference in the interpretation;

* conversion from mg-dl-1 to mmol-1-1 using 18 as conversion factor;

# two-step estimation for level 1 and 2 of %TAR and %TBR; this estimation was not obtained directly from the
software but off-line by the user as a result of a two-step running;

% not directly provided as percentage by the software;

- no metric values can be obtained due to accessibility issues.
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4 Standardization of CGM data analysis

Table XIV. Observation on peculiarities in metric computations listed for each software package.

Name
Glyculator

EasyGV

CGM-GUIDE

GVAP

Tidepool

CGManalyzer

cgmanalysis

Observations on computed metrics by each software
M-value is computed as M 100 (weighted average of transformed
glucose with respect to the reference value 100 mg-dI-1);

MAGE is computed following Service et al., algorithm [184]

AUC is divided by the time in h

metrics are calculated in three day intervals: 12:00-6:00 AM, 6:00—
12:00 AM, and the whole day

M-value has the possibility to set the reference ideal glucose value
(default is 120 leading to M-120 index)

CONGA[174] has specifiable time window (default value is 60 min)
MAGE has the possibility to compute a modified version, MAGE-
CGM, for peak-to-trough or trough-to-peak identification[185]
%TIR, %TAR, %TBR allow customizable thresholds

LI [182] has the possibility to define the interval (default is 60 min)

CONGA has specifiable time window

MAGE is computed according to the Fritzsche algorithm[186]
TIR, TAR, TBR allow customizable thresholds
AUC-high/low allow customizable thresholds

CONGA has a fixed time window of 60 min

MAGE algorithm slightly modified and separately considers the mean
of the upward excursions (MAGE+), or downward excursion (MAGE-
)[187] the meaningful excursions value can be set within 30-500 mg-dI!
%TBR and %TAR customizable

AUC-high/low is divided by time in min

for CONGA and MODD only result from whole days are included

TBR, %TAR, % TIR default thresholds are based on the recommended
are 54, 70, 180 and 250 mg-dl’!, and for % TIR thresholds can be
customized

CONGA has specifiable time window

Groups comparison computes: mean difference, CI, SSMD, p-value of
two-sided t-test and a feature based on SSMD, named class of effect
size [194], representing the strength of the difference between groups

CONGA has specifiable time window

MAGE follows the Baghurst et al. algorithm [187] and allow
customizable time threshold values for excursions (defaults are 35 and
10 minutes for upper and lower, respectively) and of a value defining
how large an excursion must be to be considered in the MAGE
computation

%TAR, %TBR, %TIR thresholds can be customized

metrics are provided separately for daytime, nighttime and whole day
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Name
GLU

CGMStats
Analyser

iglu

rGV

cgmquantify

Observations on computed metrics by each software
%TAR, %TBR, %TIR computed with specific threshold values
depending on particular conditions of glucose tolerance (using the
arguments diabetes and pregnancy, whose values follow those
recommended by the consensus) or customizable.

CONGA has specifiable time window

MAGE follows the Service et al. algorithm [184],

%TIR, %TAR, %TBR computed using the thresholds recommended in
the consensus[148].

AUC-high computed with the option of selecting 10 mmol-1-! or 15
mmol-1"! as threshold

CONGA has specifiable time window

MAGE follows the Service et al. algorithm [184] with the possibility to
choose an alternative version implemented in iglu which emulates the
manual MAGE computation

TAR, TBR, TIR default thresholds are the recommended ones[148], but
can also be customized.

CONGA has specifiable time window

MAGE follows the Service et al. algorithm [184],

%TIR, %TBR, %TAR have customizable thresholds,

LBGI and HBGI have the option of using their corrected version[180]
compute metrics also based on EasyGV to allow comparisons

CONGA24 with n fixed to 24 hours

MAGE follows the Service et al. algorithm [184]

computation of SD and CV considering the entire CGM trace and
separately for each day and computes the mean, median and standard
deviation of all the SD and CV obtained for each separate day

4.2 Summary of the main findings

This review outlined the 12 available software packages and tools for the analysis of

CGM data, by highlighting their characteristics. Among them, the pioneers EasyGV

and Glyculator, together with the more recent ones, such as cgmanalysis, GLU, and

iglu, have been continuously updated (non-necessarily with an accompanying paper),

while CGM-GUIDE is not fully available anymore. Of note, there were some packages

that were excluded from our analyses for different reasons: the MAGE software

package [186], which takes its name from the homonymous metric, was not considered

because it relates to the calculation of a single metric; other packages that are

branching out from existing ones were also excluded, as for the case of Continuous
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Glucose Data Analysis (CGDA [195]), an R package (also available at
https://github.com/EvdVossen/CGDA) that has been developed starting from the

source code of the existing package cgmanalysis. Even though the analysis was
focused on the software solutions available in the public domain, the main
characteristics of commercial/proprietary software solutions have been summarized in
the reference article [169].

In the following sections, some considerations that were drawn by our analyses
are here summarized from the point of view of different “shades” of user expertise,
starting from those with no technical programming skills until arriving to software
developers on one direction, and pitting clinicians against researchers on the other

direction

Usability and data management complexity

For basic users, software packages that provide a GUI (such as cgmanalysis,
CGManalyzer, GLU and cgmquantify), that make available video tutorials (as in the
case of Glyculator and Tidepool), in addition to detailed documentations, may
represent an important advantage. For those who can engage in simple instructions in
programming language, the choice of the tool will rely on their specific programming-
language skills and the availability of the platform; indeed, accessibility is an issue: in
the case of MATLAB and Excel-based packages, for instance, the respective license is
required, while in the case of web-based solutions that does not provide a
downloadable version such as CGMStatsAnalyser, an internet connection is required
and analysis is not allowed when the website changes domain or when is under
maintenance. Considering the point of view of developers, often in strict contact with
the community of users represented by researchers and clinicians, packages providing
open-source scripts are very important since they allow for interoperability and
standardization of the analyses, two necessary aspects when one aspire to obtain
comparable and reliable results.

As for the complexity of data management, the most impactful factor is time:
packages that directly support the data format downloadable from popular CGM
devices will be more desirable since they reduce time for dataset preparation.

However, this aspect is not the only one that determines level of complexity for data
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management. Indeed, CGManalyzer seems to be characterized by a higher level of
complexity in data management with respect the other solutions, although it supports
data format from popular CGM devices; conversely, EasyGV showed very low level
of complexity albeit it does not. Indeed, from the point of view of citations, Glyculator
and EasyGV appeared as the most used in scientific literature and this could be

ascribed to their simplicity in data management and use.

Standardization of CGM data analysis

The lack in standardization is the result of the high number of metrics proposed in the
literature and the variety of available data display options that are growing with the
spread of CGM use. Realistically, clinicians that are willing to monitor their patients,
to adjust and personalize their therapies and track their improvements, will prefer those
software packages that provide metrics and data visualization options recommended
by the international consensus [148], [149]; from the analysis here carried on it resulted
that the highest number of standard metrics is provided by cgmanalysis and iglu. The
AGP report, by displaying multiple intuitive information at the same time, represents
a powerful visualization modality, which could even be enhanced taking its basic
version as starting point [196], [197]. In particular, the stacked bar charts used to
represent time in range, also part of the AGP report, have shown to be a powerful
representation as they are compact and fast in performing comparisons [198]. The iglu
package provides a rather faithful reproduction of this display mode, similarly to all
the proprietary software solutions. The software solutions Glyculator, Tidepool and
iglu provide stacked bars for time in range visualization; however, none of them
account for the automatic adjustment of different thresholds in different categories of
patients (i.e., older patients, pregnant women and different diabetes type).

On the opposite side, researchers interest is more focused on all the metrics and
display options that best meet the needs of the analyses relatively to the research
question they want to address. In the case of advanced statistical analysis, i.e., applying
machine learning methods, having a high number of computable metrics could be
desirable and in this regard, iglu provides a total of 39 metrics, a very high number
compared to the proprietary solutions, and the highest among the non-commercial

ones. Thus, incorporating in the software packages all the metrics that are continuously
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coming out would allow their evaluation, considering possible correlations with
existent ones and their usefulness in characterizing glycemic control. In this regard,
software authors should consider including metrics such as COGI (that uses TIR, TBR
and CV) and is available in iglu, and the more recent Glycemia Risk Index (GRI)
[199], a composite metric that uses both level 1 and 2 of TBR and TAR in its
computation. It is worth noting that, currently, not all the packages include the
possibility to compute time in ranges with both level 1 and level 2 breakout thresholds
at the same time, which would be required for computation of GRI. In this case, if the
software allow to set customizable thresholds, the only way would be using a two-step
running and then computing difference between the values obtained by the two runs.

However, this option may be not immediate for all the users.

Quality assessment and agreement in metrics computations

To assess the quality of glycaemic control evaluation an adequate sampling duration
is required in order to achieve an appropriate level of accuracy in the derived metrics.
Indeed, some metrics (i.e., MAGE) may become unreliable in the presence of
significant data loss or low sampling frequency [200]. Consensus recommendations
dictate a CGM data length higher than 70% over 14 days, which has been shown
sufficient to compute TIR in presence of small data loss [201]; metrics that assess
hypoglycemia, especially in populations characterized by high glycemic variability,
are quite unstable and require longer window lengths [202]. This set the importance to
include as a best practice the use of data quality control metrics in CGM data analysis
(as already provided by EasyGV, Glyculator, CGManalyzer, cgmanalysis and iglu),
helping the user be aware of the presence of missing data and of the number of days
available for the analysis. Moreover, discriminating differences between subjects
represent another important point and MAG and M-value were shown able in
attenuating the influence of within subject variability [203]. On the other hand,
packages that provide the possibility to compute metrics both inter- and intra-day
(single day, daytime and nighttime) allow to account for differences not only inter- but
also intra-person.

The assessment of equivalence among CGM metrics computed by different

software solutions is not so straightforward. For metrics having adjustable parameters
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such as for IGC and M-value, it is obvious that the same settings among the various
software solutions are required for comparison purposes. Apart from this, there are
other possible source of discrepancies in computation of metrics i.e., differences in
raw data manipulation/transformation, performed in different ways by different
software during preprocessing phase; however, including some preprocessing is an
important quality control feature, since the use of raw CGM data could lead to
unmeaningful results. A second important source of discrepancies may be the existence
of plural ways to compute quantities having the same meaning, and even maintaining
the same names and acronyms. An example is the case of the MAGE, which requires
an algorithm for peak definition and detection and has plural implementation versions;
indeed, it showed poor agreement among different software solutions [204], as
confirmed by results of this study. Another example of discrepant computation that we
found out is that of the AUC, since often units differ and sometimes normalization is
performed across different time intervals. Thus, the best way to avoid miscalculations
is to rely on those tools that provide open-source code or at least a detailed package
documentation. There are also packages, such as cgmanalysis, that are trying to gain
validation against metrics obtained by proprietary tools of CGM devices [205];

however comparison is possible only in terms of final results.

Which is the best solution?

Overall, the study here performed helped to shed light on which kind of differences
may be found in metric computations across different software packages and offered
a simple and fast tool to magnify possible faults and advantages of each of the analyzed
solutions. Depending on the use, each of the reviewed solutions has some peculiarities
that can be exploited while performing CGM data analysis. It has to be noted that the
Tidepool platform presents additional services whose investigation was out of the
scope of this analysis. In particular, it enables the patient to integrate data from all
his/her devices (not only CGM but also insulin pumps, glucometers and ketone meters)
in a single app and to share them directly with the clinician, thus representing a
powerful solution for telemedicine practice; however, this rises the need of
standardization of metrics related to insulin, as proposed in a very recent study [206].

Research studies analysis could also benefit from those packages, such as
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CGManalyzer and CGMStatsAnalyzer, that allow performing group analyses across
different populations.

However, choosing among all the available solutions, one could quickly realize
that he/she may need more than one at the same time and that there is no one-size-fits-
all solution to answer the question. Moreover, a great need to collaborate on software
coding, formulation of consensus and standards, improvement of software quality

control, documentation, and maintenance has arisen.
Conclusions

To conclude, an overview of the available software packages for the analysis of CGM
data has been provided. Reported information could be useful to researchers interested
in working in CGM data analysis, as to clinicians and endocrinologists needing tools

capable of handling CGM data effectively.
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S Feature-based CGM data-driven analysis

*In Chapter 4, evaluation of the available tools for the extraction of CGM metrics was
carried out in both qualitative and quantitative terms; this analysis gave as result that
depending on the user expectations and requests, there may be a tool that is more suited
than another when dealing with CGM data analysis. For research contexts, as for the
one in which this thesis is placed, the choice can fall into something which allow the
computation of a sufficiently high number of metrics, including those approved by the
2017 [148] and 2019 [149] consensus, and at the same time computed in a reliable
way. This is particularly desirable if the application of machine learning methods is
expected. The software package iglu showed optimal features and advantages with
respect to other available packages, thus it will be the CGM metrics calculator of
choice for almost all the applications presented below.

This chapter will present a series of feature-based machine learning
applications that will exploit CGM computed metrics as input to the various ML
algorithms that will be selected for the data analyses. Indeed, CGM metrics can be
classified into different domains that allow obtaining interpretable results with respect
to using raw CGM data. More specifically, Section 5.1 aims to show approaches in the
field of innovative diagnosis and early identification of diabetes complications; in one
case, a precise CGM data time window, i.e., the postprandial glycemic response, will
be exploited for feature extraction to set up a classification task able to identify
individuals with T2D or prediabetes from individuals with normal glucose tolerance;
in the other case, focus will be in the early identification of subjects affected by
diabetic retinopathy starting from CGM metrics only. Sections 5.2 and 5.3 instead will
show the development of a ML framework for the prediction of impending
hypoglycemia; this will be applied to the case of exercise induced hypoglycemia in
individuals having type 1 diabetes; from here, a novel metric to assess the risk of
hypoglycemia before the start of exercise will be proposed. Finally, a similar approach

will be then applied in the context of hemodialysis induced hypoglycemia.

4 This chapter contains material published in [285] and in press in [286], [287] and [288], [289].
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5.1 Innovative diagnosis and early identification of complications

The diagnosis of diabetes, as previously mentioned, is still based on plasma samples
from which fasting glucose or HbAlc or 2h-PG during OGTT have to be measured,
the early characterization of T2D in its early phase relies on model based
methodologies and in recent years the design of CDSS based on routine general
practitioner data [119], [125] is under investigation. Although CGM was typically used
to monitor glucose levels in T1D [207] or GD [208], it has been a while now that
researchers are also interested in investigating possible applications of CGM to study
glycemic variability in T2D [209] or to characterize progression from normal
condition to prediabetes condition [210]. CGM information has been exploited in
classification models based on ML approaches to distinguish among different
categories of subjects, such as normal, prediabetic and diabetic subjects [211], [212],
[213]. However, those studies considered fluctuations over several days and not
within-day fluctuations such as the postprandial window. Thus, this represent the firs
gap in the literature that is highlighted and addressed in this section.

On the other hand, early detection is of utmost importance also in the case of
complications. A very common complication of diabetes is the retinal microvascular
dysfunction known as Diabetic Retinopathy (DR), a condition that progressively lead
to blindness [214]. It affects more than 100 million people and it is estimated that its
burden will rise to 160 million in 2045 [215]. Timely treatment is fundamental to
decelerate DR progression before irreversible vision loss. At present, frequent retinal
assessment has to be scheduled for an early detection and this is done through the
analysis of fundus photography [216], a time-consuming task performed by
ophthalmologists. ML and Al based approaches demonstrated useful for automatic
screening without human input, starting from fundus images, socio-demographic and
genetics data [217]. Solutions such as smartphone-based fundus camera imaging or
teleophthalmology have been also proposed to increase the screening rate [218];
however, compliance to the ophthalmic examinations is still low and many individuals
fail to achieve timely diagnosis and treatment [219]. This opens another gap for which
new technologies such as CGM devices and smartphone apps may help improve early

DR detection by broadening the access to screening [220].
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5.1.1 Identification of differences in postprandial glycemic responses of normal

subjects versus subjects with type 2 diabetes/prediabetes

On the basis of the considered time frame, a definition that is not rigorous but may
help subdivide different cases is that of short-term and long-term glycemic variability.
In particular, short-term glycemic variability refers to within or between days
fluctuations, whereas long-term glycemic variability considers fluctuations over
several weeks or even months [221]. Thus, the research question in this study is about
exploring the possibility of using fluctuations measured in a shorter period, such as in
response to a standardized meal, to create a classification model able to identify
differences in the postprandial response between subjects having T2D/prediabetes and

normal subjects. Workflow of the used methodology is shown in Figure 15.

Dataset preparation

Data used in this paper have been taken from a freely available dataset [222] and
pertain to 30 participants that have been screened for T2D and a diagnosis was given
based on ADA guidelines as described in section 1.1. Participants have been classified
as normal vs having T2D or prediabetes as reported in Table XV. Each participant
underwent 3 standardized meals with similar calories but with varying amounts of
proteins, fat, and fibers and received each meal twice, on separate days and always at
breakfast. Participants wore a Dexcom G4 CGM device (sampling intervals of 5

minutes) from 30 minutes before the meal intake of until 2.5 hours after.

Table XV. Participants’ characteristics.

Participants’ Characteristics all normal T2D/prediabetes
n 30 20 10
Age 42+14 38+13 50+12
(years)
BMI 26+6 23+3 32+5
(kg'm™?)
Fasting insulin 6.84.1 4.8+2.0 10.4+4.2
(WU-mL™")
Fasting glucose 94+14 87+5 108+15
(mg-dL™")

T2D: type 2 diabetes; BMI: Body Mass Index; 2h-OGTT: 2-hour plasma glucose after Oral Glucose Tolerance
Test; HbAIC: glycated hemoglobin; Tri/HDL: triglyceride concentration divided by high-density lipoprotein
concentration, an approximation of insulin resistance. Values are expressed as mean + standard deviation.
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Data inspection and preprocessing revealed that some CGM recordings were shorter
or longer than expected (3 hours). Acquisitions that were at least 25 minutes shorter
than expected were discarded, while the remainder were adjusted to the correct length
by removing and/or adding samples (computing the mean value between previous and
following sample or repeating the last available sample in case of last sample missing).
On the basis of participants classification, each CGM recording has been labelled as
CNT if belonging to a subject classified as normal, or as T2D/prediabetes if belonging
to a subject classified as having prediabetes or diabetes. Finally, a total of 151 CGM-
recording observations, 105 of which are labelled as CNT and 46 as T2D/prediabetes,

has been included in the dataset.

Classification problem

A classification model has been designed to classify each CGM recording as CNT or
T2D/prediabetes class. The classification model was based on a logistic regression
model, implemented by fitting data to a generalized linear model (GLM) with binomial
distribution of the error around the response variable and logit function as link
function. The function used to fit the GLM was fitglm (MATLAB). The decision

threshold for classification was set to 0.5.
Feature extraction and selection
From each CGM recording, 19 features were extracted and are reported in Table XVI.

Table XVI Extracted CGM metrics divided according to the related feature domains.

Domain CGM Metrics
Descriptive  mean , median, min (i.e., minimum), max (i.e., maximum), SD , range,
statistics skew (i.e., skewness).

Meal related maxGidx (i.e., timing of the peak after the meal) [223], prePmean and

handcrafted  postPmean (i.e., preprandial and postprandial mean) [224], prePtime

features and postPtime (i.e., fraction of time spent below the preprandial mean
and above the postprandial mean) [225], slope [225], AUCG [224]

Spectral meanFFT, medianFFT, minFFT, maxFFT and SDFFT of the Fast
features Fourier Transform of the CGM recording [226].

80



5.1 Innovative diagnosis and early identification of complications

Feature selection was carried out in two steps. The first was application of a filter type
feature selection and it was performed by visually inspecting the scatterplot matrix,
reporting pairwise relationships between any combination of features. For a given pair
of highly correlated features, point biserial correlation (equivalent to the Pearson’s
correlation) to class was computed and the one showing the highest correlation was
retained, while the other discarded.

The second step of feature selection was a wrapper type (or sequential) feature
selection, based on the classification model performances. It was conducted through a
recursive algorithm based on the evaluation of the deviance of the fit, a generalization
of the residual sum of squares [227]. Starting with the feature subset selected in the
previous step, the deviance of the fit was computed and used as reference (dev0); one
feature at a time was removed from the model, the deviance of the reduced model
(devR) was calculated and compared with the deviance of the full model and the
following rules were applied: if devR was higher than dev0 augmented by a tolerance
value, the feature just excluded was considered significant for the classification task
and was reintroduced in the model, otherwise it was considered irrelevant and
discarded. The tolerance value was set to the 95th percentile for the chi-square

distribution with 1 degree of freedom, 1.e., tolerance equal to 3.84 [227].

Wrapper Feature + Deviance of the fit
Selection

Filter feat « Point-biserial correlation to
liter Teature target

selection »  Feature rescaling
+ 5-fold cross-validation

Feature Updated Logistic
Y Feature g . Classification Performances
Matrix Matrix Regression

*  Antrhopometric characteristics +  Average performance for
¢ CGM metrics the 5 folds

+ Selected Features
*  OQutlier removed

Figure 15. Methodology workflow.
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Model validation

A logistic regression model, fed either with the features selected after the filter type or
those selected after the wrapper type feature selection, has been validated using a 5-
fold cross-validation. The resulting two classification models have been indicated as
Mkt in the first case and Mrr+wr in the second case. Given that there were multiple
recordings for each participant and that they were assumed as distinct observations in
the dataset, whenever the dataset was split into training and validation sets during
cross-validation, the observations of the same subject were included in either the

training set or the validation set and not split between them.

Performance evaluation

T2D/prediabetes and CNT classes were considered as positive and negative classes,
respectively. The T2D/prediabetes cases correctly classified as T2D/prediabetes were
defined TP; the CNT cases correctly classified as CNT were defined TN; the
T2D/prediabetes cases incorrectly classified as CNT were defined FN; eventually, the
CNT cases incorrectly classified as T2D/prediabetes were defined FP.

Evaluation of the performance for both MFT and MFT+WT was accomplished
by AUC of ROC, CA, SE, SP, and by positive predictive value, and negative predictive

value defined as:

e PPV=TP/(TP+FP);
e NPV=TN/(TN +FN).

5.1.2 Results

After the filter type feature selection, 14 features out of 19 were retained and the rest
were discarded. The wrapper type feature selection, furtherly dropped 5 features, hence
arriving to 9 features. The timeline of feature selection is schematized in Table XVII.
ROC curves and the mean AUC across the 5 folds for Mer and Mrr+wr are depicted in
Figure 16. Mrr and Mrr+wt deviance of the fit was found equal to 89.44 and 93.21,
respectively. Performance measures for each of the 5 folds and averaged across them

are shown in Table XVIII for Mgt and Mgr+wr .

82



5.1 Innovative diagnosis and early identification of complications

Table XVII. Feature selection timeline. Mgt selected 14 features after filter type feature selection;
Merr+wr selected 9 features after wrapper type feature selection.

Features Description \7 MFrr+wT
mean Mean glucose X X
median Median glucose X
min Minimum glucose X
max Maximum glucose X X
maxGidx Timing of peak after meal X X
SD Standard deviation of glucose X X
range Difference between max and min glucose
prePmean  Pre-prandial mean glucose X X
postPmean  Post-prandial mean glucose
prePtime Percentage of time below prePmean X
postPtime  Percentage of time above postPmean X X
slope Slope between meal and peak X
AUCG Area Under glucose Curve
skewness Skewness X
meangrt Mean of Fourier transform X X
medianrrr  Median of Fourier transform X X
MIngrr Minimum of Fourier transform X X
MaxprT Maximum of Fourier transform
SDrrr Standard deviation of Fourier transform
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Figure 16. Average ROC curves computed across the 5-fold cross-validation and their mean AUC for
the model before wrapper type feature selection (Mrr) and after it (Mpr+wr).
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Table XVIII. Mgt and Mr+wr performance measures across the 5 folds of the cross-validation.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean =+ sd

CA Mpr 0.89 0.86 0.94 0.79 0.65 0.82+£0.10
MEFr+wr 0.85 0.86 0.91 0.82 0.74 0.84+0.05
SE Mpr 0.84 0.63 0.95 0.96 0.73 0.82+£0.13
MEFr+wr 0.84 0.63 0.95 1.00 0.82 0.85+0.13
Sp Mer 1.00 0.95 0.91 0.40 0.44 0.74 £0.26
MEFr+wr 0.88 0.95 0.82 0.40 0.56 0.72+0.21
PPV Mpr 1.00 0.83 0.95 0.79 0.76 0.87£0.09
MEFr+wr 0.94 0.83 0.91 0.79 0.82 0.86 £0.06
Mpr 0.73 0.86 0.91 0.80 0.40 0.74£0.18
NPV Mrr+wr 0.70 0.86 0.90 1.00 0.56 0.80£0.16

CA: Classification accuracy; SE: Sensitivity; SP: Specificity; PPV = Positive Predictive Value; NPV =
Negative Predictive Value.

5.1.3 Discussion

The proposed classification model identified differences in postprandial glycemic
response of subjects having T2D/prediabetes with respect to that of normal subjects
based on CGM data recorded during a standardized meal test. The main novelty of this
work is that the window of the CGM signal from which the features are extracted is
related to a standardized meal test and not to a signal lasting several days. Indeed, post-
prandial glucose response in individuals with T2D differs significantly from the
response of a healthy subject, for example in magnitude and peak delay [223],
therefore it can be indicative of the health status of the person being analyzed. In this
investigation features were handcrafted and not computed using iglu nor any other of
the packages presented in Chapter 4. This is because we tried to consider features
capable to enhance information in relation to the short postprandial time window
considered. Future studies introducing different CGM metrics, including standardized
ones, are however desirable.

Despite a multinomial classification (i.e., normal vs prediabetes vs diabetes)
would be preferable, technical problems arise when it comes to a highly imbalanced
dataset such this one. Indeed, class imbalance has a negative impact on classification
performances and, although there exist techniques to overcome this issue [137] this
was a first attempt and further investigation should be done. Similarly to other studies
in the same context [211], as also in Chapter 3, a simple logistic regression model has

been proven adequate to perform this classification task, with the advantage of
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granting interpretability of the results which is a desideratum in the biomedical
context. When considering more difficult classification tasks as for example
differentiating between prediabetes and diabetes more sophisticated techniques may
be necessary [212], [213]. The presence of different CGM recordings of the same
subject could represent a further limitation in this study, however, for each fold, these
were not considered simultaneously in the training and validation set.

The deviance of the fit, which quantifies the goodness-of-fit of the model, was
equal to 89.44 for Mgt and 93.21 for Mgr+wt. This meaning that Mgr+wr “fits worst”
than Mgr, but its deviance is still within the allowed value which is 93.28 (= 89.44 +
tolerance, where tolerance = 3.84). Mean AUC resulted to be 0.94 for Mrt and 0.93
for Mrr+wr, revealing that in both cases, the positive and negative classes are well
separable, and the models are robust with respect to the choice of the decision
threshold of 0.5. Comparison between Mrr and Mrr+wr in terms of performance
measures (see Table XVIII), shows that Mer+wt represents the optimal choice. Indeed,
besides an improvement of Mgr+wt compared with Mrr in terms of mean CA, SE and
NPV, a lower standard deviation across the folds in almost all Mrr+wT measures (except
SE) can be observed, indicateing that in Mrr+wr the performances of the classifier are
quite independent on the training and validation partitions used. In both models the
lowest performances were in the SP. This may have two explanations: firstly, the
positive class is the minority class, accounting for just the 30% of the samples;
secondly, the positive class exhibits a higher variance since it includes at the same time
CGM-recording observations of subjects with prediabetes and with diabetes.

Along with the type of data used, an innovative aspect of this study is the two-
steps feature selection. With respect to other systems based on physiological and
anthropometric data [228], models that use metabolites’ dynamic (such this one) can
discover hidden patterns that are not present in static measurements [222], [224].

The use of such data to characterize the health status of a subject has the
potential to account for individual differences that standard medical approaches might
miss [229]. In this sense, this work can be framed in the domain of precision medicine,
both because CGM allows for precision monitoring and because the logistic regression
model implies a probability-based decision, thus reasonably compatible with a

precision diagnosis [229].
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In conclusion, the classification model here proposed based on CGM data
recorded during a standardized meal test is able to identify differences in the
postprandial glycemic response of subjects having prediabetes or diabetes from that of

normal subjects.

5.1.4 Diabetic Retinopathy Detection

This study aimed to explore the potential of CGM and ML for DR detection. Workflow
of the methodology is shown in Figure 17.

Database

SThe cohort used in the present paper was derived from the REPLACE-BG study
involving subjects having type 1 diabetes and under insulin pump treatment, who were
monitored for 36 weeks using a CGM device (Dexcom G4) that recorded interstitial
glucose every 5 minutes [11].

A total of 78 subjects (39/39 males/females, aged 43.9+13.9) were considered,
of which, at the time of enrollment, 50 had various degrees of diabetic retinopathy
(subset referred as DR group) and 28 had type 1 diabetes with no further complications
(subset referred as NDR group). An inclusion criterion for both groups was having
type 1 diabetes diagnosed for more than 10 years, time after which is more likely to

develop DR. Characteristics of the two groups are reported in Table XIX.

Table XIX. Characteristics of the two groups.

Characteristic Groups

DR NDR p
Age (years) 48.6+12.6 354+ 122 <0.01
Sex (M/F) 21M/29F 18M/10F -
Hbalc (%) 7.1£0.7 7.2+0.7 n.s.
BMI (kg/m?) 28.1+4.7 26.0+4.1 n.s.

Data are presented as meantstandard deviation. Statistically significant differences are set at p<0.05; n.s.: not
significant; Hbalc: glycated hemoglobin; BMI: body mass index.

> The source of the data is the T1D Exchange, but the analyses, content and conclusions
presented herein are solely the responsibility of the authors and have not been reviewed or approved by
the T1D Exchange.
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Data Preprocessing and Feature Extraction

To process CGM data the freely available R-based iglu software package was here
used, which accurately allows both preprocessing and feature extraction as confirmed
by our investigation performed in Chapter 4. CGM data were preprocessed to handle
missing data points through linear interpolation of gaps lasting less than 45 minutes
(i.e., 9 consecutive samples). Moreover, data were rearranged by performing the
temporal alignment of each separate day of recording obtained from each subject to
allow the correct computation of time-dependent CGM features; this was done through
the iglu function CGMS2DayByDay.

Features included in the dataset were anthropometric characteristics (i.e., age,
sex, BMI) and extracted CGM metrics, for a total of 54 features. Details on the
computed CGM metrics and on the default settings for computation can be found in
the iglu package documentation. Each CGM metric may describe glycemia trend
according to one or more out of five different domains, namely descriptive statistics,
hyperglycemia, hypoglycemia, glycemic control (i.e., glycemia maintenance inside
optimal ranges) and glycemic variability (i.e., glucose fluctuations quantification), as

detailed in Table XX.

Table XX. Extracted CGM metrics divided according to the related feature domains.

Domain CGM Metrics

Descriptive CV*, SD*, minimum (Min.), maximum (Max), range, 1% and 3" quartiles
statistics (1stQu, 3rdQu), Median, Mean, IQR

Hyper- GRADE  hyperglycemia  contribution = (GRADE hyper),  HBGI,
glycemia hyperglycemia index (hyper index), percentage of time above standard

thresholds (above 140, above 180, above 250), area under glucose curve
(AUGC)*, GRI*

Hypo- GRADE hypoglycemia contribution (GRADE _hypo), LBGI, hypoglycemia

glycemia index (hypo_index), percentage of time below standard thresholds (below 54,
below_70), COGI*

Glycemic eA1C, GMI, GRADE and its euglycemia contribution (GRADE _eugly), IGC,

control M value, percentage of time spent in reference ranges (TIR 63 140,

TIR 70 180, TIR_70_140 aka TITR)

Glycemic ADRR, J index, MAD, MAGE, GVP, MODD, SD of glucose rate of change

variability (SD.Roc), MAG, CONGA1, CONGA24, SD subtypes (SDw, SDwsh,
SDbdm, SDhhmm, SDdm, SDb), CV subtypes (CV_Measures Mean,
CV_Measures_SD

*SD and CV must also be considered pertaining to glycemic variability domain; GRI also to hypoglycemia, AUCG
also to hypoglycemia and glycemic control, COGI also to glycemic control and glycemic variability domains.
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Formulation of the Classification Model

To fulfill the aim of the study of exploring the possibility to identify DR by exploiting
information contained in CGM data a classification task was pursued, defining the DR
class based on data from the DR group (50 instances) and the NDR class based on data
from the NDR group (28 instances). The analysis was performed in Orange Data
Mining environment (version 3.30.2).

Outliers detected through LOF were then excluded from the analysis. After
outlier removal, the dataset was split into training and test sets with a 70%-30%
partitioning by random sampling and maintaining the same proportion of DR and NDR
cases in both sets. The test was left apart to be used at the end of the modeling process
for performance evaluation. Feature selection also in this case was carried out in two
steps: a filter type feature selection method was used to address collinearity among
features, by retaining those that were highly correlated to the target (point-biserial
correlation to class as in 5.1.1); then, ReliefF ranking method was used to further
reduce the feature set by retaining features with best ReliefF score and keeping the
number of selected features as low as possible. The obtained feature set was then given
as input to four different classification models, namely, Logistic Regression, kNN,
Random Forest and Naive Bayes. Hyperparameter tuning was performed during Leave
One Out (LOO) cross validation. Model hyperparameters settings were as follows: for
Logistic Regression “Ridge (L2)” regularization was used and cost strength “C” = 10;
for KNN “Number of neighbors” = 6, “Metric” = Manhattan, for Random Forest
“Number of trees” = 10, “Number of attributes considered at each split” = 5, “Do not
split subsets smaller than” =5, “Limit depth of individual trees” = 35. Of note, training
set only was used for both feature selection and models training. Features were

normalized to have zero mean and unit variance.

Performance Evaluation

Considering DR class as positive and NDR class as negative, the DR and NDR cases
correctly classified by the classification algorithm were considered TP and TN,
respectively; the DR cases identified as NDR by the classification algorithm were

considered FN, while the NDR cases identified as DR by the classification algorithm
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were considered FP. Performance metrics that were selected to evaluate each

classification algorithm were AUC of ROC, CA, PR, SE, SP and F1.

Feature Selection

Filter feature

X S —
selection
» Decision Tree *  Feature rescaling
« Point-biserial +  Leave-One-Subject-Out
correlation to target cross-validation
v
N
Feature Updated I
Matrix Feature | Random Forest Classification + Performances
Matrix N |
T
*  Antrhopometric characteristics *  Average performances
¢ CGM metrics for LOSO
‘  Adaboost
y Gradient
Boodting

*  Selected Features
*  Outlier removed

Figure 17. Methodology workflow. Of note, testing was done after model assessment.
5.1.5 Results

Feature values differences for the two groups are not shown, but significantly different
features were 27 out of 54. Outlier detection resulted in 2 instances removed from the
dataset, leading to a total of 76 final instances. After feature selection, the final feature
set included 5 features that were Sex (ReliefF=0.24), Age (ReliefF=0.08), SDdm
(ReliefF=0.05), SDb (ReliefF=0.04) and CV_Measures_SD (ReliefF=0.04). Inclusion
of features with a ReliefF score lower than 0.04 resulted in lower performances and
thus was not pursued. Performance metrics for both LOO validation and testing are
reported in Table XXI. Confusion matrices for the test set (panel A) and Venn diagrams

of correctly classified and misclassified cases (panel B) are shown in Figure 18.
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A Predict Predict
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Figure 18. A) Confusion matrices for the four models in the test set; B) Venn diagrams for the correct
(left) and misclassified cases (right) obtained for the four models in the test set.

Table XXI. Performances

Performance Evaluation

Model Performances (%) LOO set Test set
CA 83.3 72.7
o . PR 83.2 72.7
Logistic Regression SE 833 72.7
SP 79.9 68.3
F1 83.2 72.7
CA 81.5 72.7
PR 82.0 73.2
kNN SE 81.5 72.7
SP 80.9 57.6
F1 81.6 69.9
AUC 86.8 79.5
CA 83.3 68.2
PR 83.5 66.7
Random Forest SE 83.3 68.2
SP 82.0 55.0
F1 83.4 66.1
AUC 86.9 71.0
CA 70.4 59.1
) PR 76.1 58.0
Naive Bayes SE 70.4 59.1
SP 76.4 49.8
F1 70.8 58.4

CA: classification Accuracy; LOO: Leave One Out.
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5.1.6 Discussion

A ML approach based on CGM for DR detection have been presented. Being a feature-
based approach (use of CGM metrics instead of raw CGM time series) it reduces the
computational load, making it suitable for real-time applications and granting
interpretability. Suitability of the selected metrics was also confirmed in previous
studies [230].

Among the four ML algorithms used, Logistic Regression performed better in
testing, with a balanced number of misclassifications accounting for less than 30% of
misclassified cases. Compared to studies using electronic health records instead of
CGM data [231], this approach achieved similar AUCs and lower SPs counterbalanced
by higher SEs, which are desirable in biomedical context and suggest the potential of
integrating both data sources. The main advantage of relying only on CGM for DR
detection is in the opportunity to ensure wide screening, thanks to the growing
diffusion of CGM use among patients with diabetes. Future studies examining
different time windows (instead of all the 26 weeks at the same time as done here) for

CGM metrics extraction will be an opportunity for improvement.

5.2 A machine learning framework based on CGM to prevent the
occurrence of hypoglycemia: the case of exercise-induced

hypoglycemia

Physical exercise is highly encouraged in the management of T1D since it was shown
to improve cardiovascular health and glycemic control [232], ant to have beneficial
effects in maintaining good fitness, healthy body weight and composition together with
psychosocial wellbeing [233]. However, physical activity, especially prolonged
aerobic exercise, causes changes in blood glucose levels which determine a high risk
of hypoglycemia occurrence both during and after the exercise session. This increased
risk discourages patients in engaging the recommended regular exercise, which in
children and adolescents coincides with the recommendation for healthy children, of
at least 60 min of moderate- or vigorous-intensity physical activity per day. Although

guidelines have been provided to help combine meal timing, insulin therapy and
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physical activity [233], [234], intersubject and intrasubject variability affects glucose
changes during exercise and safe avoidance of exercise-induced hypoglycemia is still
an open challenge. CGM devices real-time monitoring can be exploited in the context
of exercise also in association with automated insulin delivery (AID) algorithms and
insulin pumps to allow insulin to be automatically adjusted based on glucose levels
and carbohydrate intake. However, AID accuracy decreases during exercise and thus
is still not effective in preventing exercise-induced hypoglycemia [235]. A possible
help may come from the use of CGM data before the exercise to predict incoming
adverse events and provide the patient with information about the risk of hypoglycemia

giving suggestions to counteract it before starting physical activity.

5.2.1 Exercise-induced hypoglycemia classification

Although there are a number of studies that have evaluated the use of ML techniques
to predict hypoglycemia from CGM data [236], [237], [238], we are not aware of a
prior study that exploited classification based on CGM metrics to reveal pre-exercise
characteristics associated with hypoglycemia during and after exercise. Thus, this
section aim is to investigate application of ML to distinguish whether a specific
configuration of CGM metrics evaluated before starting of exercise could be more
prone to induce hypoglycemia after the start of the exercise session until the following

day (to account also for nocturnal hypoglycemia).

Clinical Studies

Two different datasets from children with T1D were investigated separately: the first
in which exercise was performed in controlled conditions and the second in which was

performed in free-living conditions. Subjects details are reported in Table XXII.

The first study included freely available data from the Diabetes Research in
Children Network (DirecNet) multi-center study group
(https://public.jaeb.org/direcnet/stdy/160), involving 50 young subjects with T1D,

average age being 14.8 £ 1.7 years, with 22 females and 28 males and average glycated
hemoglobin (HbA1c) of 7.8 + 0.8% [239]. Each subject had a 24-h inpatient stay with
a 75-minute exercise session in the late afternoon. On the morning of the inpatient stay,

the subjects were asked to walk on a motorized treadmill for 5 to 15 minutes until
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achieving a heart rate of 140 beats per minute (equivalent to 55% maximum effort,
1.e., VO2 max) to record treadmill settings and use them as the start settings of the
exercise session. The CGM device was the Medtronic MiniMed (5-minute sampling)
and it was worn throughout the day until the morning of the following day.

The second study involved children from the freely available T1-DEXIP
dataset (https://public.jaeb.org/dataset/590 ) involving 51 subjects with T1D, average

age being 13.7 + 1.7 years, with 33 females and 18 males and average glycated
hemoglobin (HbAlc) of 6.8 = 1.1%. In a 10 days study period subjects underwent
different types of exercise including individual and group forms of exercise, in both
competition and non-competition settings. For the purpose of the analyses, running
activity was selected and one day of exercise was considered in order to avoid subject
dependent bias in classification. Subjects used their personal Dexcom G6 CGM, or a

blinded Dexcom G6 CGM if they did not use a personal Dexcom G6 CGM.

Preprocessing and Labelling

Pre-exercise data, i.e., the available portion (ranging from 2 to 5 hours) of CGM
recording that preceded the start of the exercise session have been used to extract
relevant CGM metrics as described below.

Post-exercise data, i.e., the portion of CGM recordings following the start of
the exercise session have been used for post-exercise hypoglycemia screening. In case
of pre-exercise acquisitions lasting less than 2 hours or of missing samples in post-
exercise acquisitions, the related subjects have been excluded from the analysis. In
case of missing samples in pre-exercise data, linear interpolation was used if the
maximum gap was lower than 45 minutes. In the first study all interventions during
the study were done considering a threshold of 60 mg/dl to define hypoglycemia, thus
the same definition was maintained in the labelling [239]. For the second study,
instead, hypoglycemia threshold was the standard one of 70 md/dl.

On the basis of hypoglycemia screening, pre-exercise acquisitions were
labelled as HYPO, if belonging to subjects who experienced hypoglycemia, or as NO-
HYPO, if belonging to subjects who did not experience any hypoglycemia during the

time period following exercise.
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Table XXII Characteristics of the two datasets.

First study Second study
Age (years) 148 +1.7 13.7+1.7
Sex (M/F) 28/22 33/18
HbA1lc (%) 7.8+0.8 6.8+1.1
27 pump
Therapy 23 MDI 51 pump/Closed loop
CGM device Medtronic MiniMed Dexcom G6
Controlled conditions
oati
Exercise (inpatient stay) Free daily living (running)

75-minute exercise session
(treadmill) at 55% VO2 max

Hypoglycemia threshold
used for labeling HYPO/NO-

70 mg/dl for at least 15

60 mg/dl .
minutes

(as for the study protocol [1])

HYPO (as for consensus [2])
HYPO/NO-HYPO From start of exercise until From start of exercise until
evaluation window following morning following morning

Feature Extraction and Dataset Construction

Features included in the dataset for each subject were both anthropometric
characteristics (i.e., weight, height, BMI) and CGM metrics. A total of 43 CGM
metrics have been extracted from pre-exercise CGM data by using either the R package
iglu [162], and custom made R functions. GRI index was computed separately since
iglu did not provide it at the time of the analysis. Metrics for which parameters are not
reported were computed using iglu default settings. CGM metrics available in iglu but
for which a minimum of 2 days of recording is needed for computation were not
considered for the analysis. A summary of all the features included in the dataset
according to the same CGM metrics domains described in 5.1.4 is shown in Table

XXIIL.

Classification Problem and Data Analysis

The classification problem has been designed to classify subjects as those who

experienced versus those who did not experience hypoglycemia after the start of the
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exercise session. Thus, starting from each subject single pre-exercise data previously
labeled as HYPO and NO-HYPO, the respective homonymous classes (HYPO and
NO-HYPO) have been defined. Data analysis was performed in Orange 3.30.2.

Features selection has been performed in two steps, belonging to the category of filter
and intrinsic feature selection, respectively. Filter type feature selection through point
biserial correlation (as in 5.1.1) was used to retain the best feature set with a reduced
collinearity. The second step exploited a decision tree-based feature selection to
determine the more relevant predictive features by splitting data into more
homogeneous partitions in relation to the class, as done instead in 3.2.2. Parameters of
the decision tree-based classification algorithm were set as follows: “Minimum
number of instances in leave” = 2; “Do not split subsets smaller than” = 10; “Limit
maximal tree depth to” = 10. Moreover, the option “Induce binary tree”, was selected
and “Stop when majority reaches 90%” was chosen. The final feature set thus obtained
was then further evaluated with respect to the classification problem by providing it as
input to three other classification models: random forest, adaboost and gradient

boosting. Hyperparameter tuning was performed heuristically during training and set

as follows:
e random forest: “Number of trees” = 25, “Number of attributes
considered at each split” = 2, “Do not split subsets smaller than” = 5,
“Limit depth of individual trees” = 15;
e adaboost: “Number of estimators” = 100, “Learning Rate”= 1,

SAMME.R classification algorithm as boosting method which updates
base estimator's weight with probability estimates, and selecting
“Exponential” as regression loss function;

e gradient boosting: “Number of estimators” = 100, “Learning Rate”=
0.3, “Lambda” = 0.05, “Limit depth of individual trees” = 3, “Fraction

of features for each tree”’=1 and catboost as method.

All features were normalized to have a common scale (mean equal to zero and unit

variance).
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Leave-One-Out Cross-Validation and Performance Evaluation

All the classification algorithms (decision tree, random forest, adaboost and gradient
boosting) were validated through leave-one-out cross-validation procedure. By
considering HYPO class as positive and NO-HYPO class as negative, the HYPO cases
correctly classified were considered TP; the NO-HYPO cases correctly classified were
considered TN; the HYPO cases classified as NO-HYPO were considered FN; and the
NO-HYPO cases classified as HYPO were considered FP. Performance metrics

considered were AUC of the ROC, CA, PR, SE, SP, and F1.

Table XXIII. Summary of features: CGM metrics grouped according to the different domains.

Domain CGM Metrics

Descriptive statistics CV*, SD*, Min, Max, range, 1st and 3rd quartiles (1stQu, 3rdQu),
Median, Mean, IQR

Hyperglycemia GRADE hyper, HBGI, hyper index, above 140, above 180,
above 250, AUGC*, GRI*

Hypoglycemia GRADE hypo, LBGI, hypo_index, below 54, below_70, COGI*

Glycemic control eAlC, GMI, GRADE GRADE eugly, IGC, M value,

TIR_63_140, TIR_70_180, TIR_70_140 aka TITR

Glycemic variability ADRR, J index, MAD, MAGE, GVP, SD.Roc, MAG, CONGALI,
SD subtypes (SDw, SDwsh, SDbdm, SDhhmm, SDdm, SDb), CV
subtypes (CV_Measures Mean, CV_Measures_SD

Feature Selection

Filter feature

-  EEE—
selection
+ Decision Tree +  Feature rescaling
+ Point-biserial ¢ Leave-One-Out cross-
correlation to target validation
*
Updated (
Feature P I
Matrix Feature * Random Forest Classification + Performances
Matrix e )
T
*  Antrhopometric characteristics +  Average performances
+  CGM metrics for LOO
4 Adaboost
4 Gradient
Boodting

*  Selected Features
*  Outlier removed

Figure 19. Workflow of the methodology.
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5.2.2 Exercise-induced hypoglycemia index (HIKE)

HIKE (Hypoglycemia Index to Keep-a-check-on Exercise), a new composite index of
hypoglycemia risk during and after exercise, based on CGM metrics evaluated in the
pre-exercise phase, was formulated. HIKE was designed as detailed in equation 15 by
combining a set of CGM metrics, whose role in predicting upcoming exercise-induced
hypoglycemia was demonstrated in the results obtained for the first study dataset.
CGM metrics selected by the second study dataset were not considered, since at
present, results obtainable at free-living conditions (second study results) were slightly
worse and need further investigation as will be discussed in the discussion section
(5.2.4). Such results are presented in the following paragraphs (5.2.3).

HIKE = (1 —
mean(M'ValuerescaledMaXrescaled'TAR18Orescaled'TARZSOrescaled)) x 100 (15)

5.2.3 Results

A total of 47 CGM recordings (one for each subject and accounting for a total of 12081
glucose data points), 34 labelled as HYPO and 13 labelled as NO-HYPO were included
in the analysis after preprocessing. Features computed for the preprocessed dataset for
which 25 out of 43 features resulted statistically different between the two classes are
not shown but can be found in the published work.

After the first step of feature selection, feature correlation to target was used to
retain the best 36 features out of the 43 contained in the full dataset. With the second
step of feature selection, the best predictive features obtained by the decision tree-
based classification algorithm are shown in Figure 20. In case of the first study, high
hypoglycemia risk after exercise, the M-value (i.e., the level of glucose deviation from
the reference basal value) is more likely to distribute toward lower values, as shown
by the first split of the decision tree. The other three selected metrics are instead
associated with hyperglycemia. For the second study, selected metrics were instead
more associated with glycemic variability. This may be explained by the better
glycemic control that characterized this second group, as for the Hbalc in Table XXII.
Performance results, obtained by all the used classification algorithms through leave
one out validation, are reported in Table XXIV, and Figure 21 shows the related

receiver operating characteristics (ROCs).
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Table XXIV. Average performance metrics for leave-one-subject-out cross-validation on each
classification algorithm

Algorithm First study performances (%)

AUC CA PR SE SpP FI
Decision Tree 85.52 87.23 86.93 87.23 76.11 86.88
Gradient Boosting ~ 82.13 78.72 78.72 78.72 68.11 78.72
Random Forest 78.05 74.47 74.47 74.47 61.73 74.47
Adaboost 74.32 76.60 78.56 76.60 72.05 77.27

Second study performances (%)

AUC CA PR SE SpP FI
Decision Tree 80.48 80.39 80.62 80.39 76.27 79.97
Gradient Boosting  69.68 68.63 68.17 68.63 63.75 67.96
Random Forest 69.37 76.47 77.06 76.47 70.67 75.58
Adaboost 67.86 70.59 70.33 70.59 65.13 69.73

A HYPO
72.3%, 34/47
M_value
<7.18022 - > 718022
HYPO
50.0%, 13/26

Max.

<24 > 214

HYPO
68.4%, 13/19

above_250
<€ 527273 > 52.7273
HYPO
81.2%, 13115.'

above_180

<64

> 64
HYPO
62.5%, 5/8

HYPO
58.8%, 30/51
Min.
<gp — > 92
HYPO NO-HYPO
76.5%, 26/34 76.5%, 13/17 ¢,
range SDwsh
<50 “ > 50 <157809 __— > 15.7899
HYPO
range
<19 — o >109
HYPO
70.0%, 14/20
SD.Roc
< 154517 — > 1.54517
HYPO
50.0%, 6/12
Gw
< 1.55661 ‘ > 1.55661

HYPO
75.0%, 6/8

Figure 20 Decision tree classification algorithm based on the resulting best predictive features.
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Figure 21 Receiver Operating Characteristics for decision tree (purple), random forest (green), adaboost
(cyan), and gradient boosting (blue).

For HIKE metric, after outliers removal, a total of 47 subjects, i.e., those pertaining to
the first study, were included. Considering those who experienced hypoglycemia (34
out of 47), HIKE classified 27 as high-risk and 6 as medium-risk. The 77% of cases
classified by HYKE as subject at risk of exercise-induced hypoglycemia actually
experienced hypoglycemia. Similarly, 75% of cases classified by HYKE as subject at
low risk of exercise-induced hypoglycemia actually did not experience any
hypoglycemia. Detailes are shown in Figure 22.

% OF HYPO/NO-HYPO FOR EACH HIKE
RISK CLASS

EHYPO m NO-HYPO

75

25

HIGH RISK MEDIUM RISK LOW RISK

Figure 22 Percentages of HYPO and NO-HYPO cases that were classified at high, medium or low risk
of exercise-induced hypoglycemia by the HYKE index.
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5.2.4 Discussion

A ML framework based on CGM data to prevent the occurrence of exercise-induced
hypoglycemia in children with T1D has been proposed. Results of this study provided
insights on which specific configuration of CGM metrics evaluated before starting of
exercise is more predictive of hypoglycemia occurrence during the period going from
start of the exercise session until the following morning. The information provided by
the proposed framework may suggest implementation of preventive actions that
produce a “favorable” configuration for the CGM metrics; preventive actions may be
taken by the subject (e.g., eating a snack) or by the clinician (e.g., adjusting medication
regimens) based on the planned physical activity.

Of note, definition of standard metrics is usually confined to clinical care
whereas metrics standardization related to exercise is underinvestigated both in adults
and in children; thus, evaluation of the use of common metrics in different conditions
(i.e., pre-exercise timestamps) and in specific time windows represents a novel aspect
of the present study.

According to the proposed framework, the most informative CGM metric for
the first study was M-value, and surprisingly, a lower M-value, which usually indicates
better glycemic control, was associated with a higher risk of hypoglycemia after
exercise. Moreover, the other three selected metrics are associated with hyperglycemia
and not with hypoglycemia, as one could have expected. Indeed, subjects who did not
report hypoglycemia showed a sort of “protective hyperglycemia” before exercise
start. Of note, among the selected metrics only one was strongly statistically different
between the two classes, while difference was less strong or not evident for the other
metrics. This supports the usefulness of ML approaches in revealing hidden patterns
that CGM information may show in different applications. Different metrics were
instead selected in the second study, which were more related to glycemic variability.
Indeed, evaluation of glycemic variability by a single CGM metric may be not
sufficient, but when exploiting ML, the combination of features that account for
glycemic variability into different ways may unveil significant pathways related to the

specific problem.
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Among the different ML algorithms used, decision tree achieved the highest
performances in both cases. It has to be acknowledged pruning and leave-one -out
cross-validation were adopted to prevent overfitting [143]. As already detected in
applications above presented, also here SP was lower than SE in almost all the
classifiers, meaning that models were prone to errors in classifying cases who did not
have hypoglycemia as cases who had hypoglycemia after the start of exercise. Among
previous studies concerning the prediction of hypoglycemia during exercise, the one
by Reddy et al. [238] also used decision tree achieving similar or lower validation
performances (78.0%, 79.3%, 66.7% and 86.5% for AUC, CA, sensitivity and
specificity, respectively). They then improved those performances by using random
forest with a different and more numerous feature set. Differently from the present
study, however, the study by Reddy et al. [238] used features not only from blood
glucose but also exercise intensity and hormone therapy, thus requiring a higher
number of measures. Moreover, they used features from the beginning of the exercise
session to predict hypoglycemia occurring during and not also after exercising as we
did in our study. On the other hand, Jensen et al. [240] predicted nocturnal
hypoglycemia with an AUC of 79.0% on testing, but their study was not focused on
exercise-induced hypoglycemia. Several other studies were mainly focused on
prediction of hypoglycemia by forecasting glucose levels, as reviewed by Mujahid et
al.[241]. Even if we did not focus on prediction of glucose, we were able to
discriminate the occurrence of hypoglycemia by using only pre-exercise CGM data.

The number of subjects included in the present study could seem low, thus
representing a limitation; however, it is comparable with that of Reddy et al. [238]
which is based on similar experimental conditions. A limitation of the present work
could be found in the unbalanced dataset (HYPO class representing 72.34% of all
samples); this, however, reflects a real-world scenario where hypoglycemia is likely
to occur after exercise and because of this we chose to train the model on that dataset
even though it may have resulted in lower specificity. Another limitation is that
labelling did not distinguish between hypoglycemia occurred during and after
exercise; however, even if these two hypoglycemic conditions originate from different
physiological processes, they were considered together since both are induced by

exercise. Moreover, the threshold used to define hypoglycemia may impact on
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classification and this requires further investigation. Indeed, although the international
consensus| 148] provided 54 mg/dL and 70 mg/dL as threshold, different values (such
as 60 mg/dl used in this study) are still used [242], as we did in the first study. Future
studies examining at-home exercise sessions instead of a 24-h inpatient stay will be
needed to confirm the results for a real-world scenario.

Regarding the HIKE composite metric evaluated in a 5-h window preceding
the exercise session, it appeared to provide useful information on the risk of
hypoglycemia when considering exercise performed in controlled conditions. Future
work may aim to develop an automated CDSS based only on pre-exercise data, thus
informing, at starting, on the existence of a “favorable configuration”, with low
probability of hypoglycemia during and after exercise. Moreover, further effort will
be employed in the adjustment of HIKE definition and thresholds in relation to
different exercises (i.e., intensity, duration, etc.), users (i.e., adults, children,
adolescents) and therapeutic approaches (i.e., pump, MDI); indeed, data pertaining to
adult subjects (TIDEXI data) have been provided to our research group as part of the
T1D Exercise Initiative following the presentation of a project proposal (not funded);
the HIKE metric would then have the potential to be tested in future clinical studies

and to complement/summarize currently available recommendations.

5.3 A machine learning framework based on CGM to prevent the
occurrence of hypoglycemia: the case of hemodialysis-induced

hypoglycemia

Hemodialysis-induced hypoglycemia is not infrequent [243]. By using the same
approach as above this section aims to setup a classification model based on CGM
metrics to provide information about risk of hypoglycemia occurrence during

hemodialysis, before the hemodialysis session starts.

5.3.1 Hemodialysis-induced hypoglycemia classification

The study considered a cohort of hemodialysis patients (10 of which with T2D) from
the GIOTTO study (approval n. 2616, 28/09/2017) undergoing CGM (FreeStyle Libre)
for two weeks [36]. Each hemodialysis session was labelled as HYPO/NO-HYPO
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based on hypoglycemia occurrence (mild or severe); pre-session data was used to
compute CGM metrics. A 70%-30% dataset partition for training/validation (LOSO,
Leave One Subject Out cross-validation) and testing was used. After a multistep
feature-selection process, the selected CGM feature set was evaluated through
standard performance metrics by using different ML classification models. Dataset
characteristics are described in Table XXV, dataset preparation is depicted in Figure
23 and classification procedure is the same of Figure 19, with the difference that
instead of point biserial correlation, the filter type feature selection was performed by
reducing the number of features by ranking those with highest content of information
through gain ratio and retaining the best ranked to be given as input to the decision

tree for wrapper-type feature selection.

Table XXV. Dataset characteristics.

Dataset Patients HYPO/NO-HYPO HYPO/NO-HYPO
Mild Severe
Whole 19 36/56 18/74
Training/validation 13 27/35 11/51
Testing 6 9/21 7/23

Dataset preparation

2 weeks CGM recordings If pre-session data not
N | ‘ sufficient

/ h
all bs |
Al

PL

‘ i x 8-hour long
RN, TYRTS pre-session r - - - — —

T e . CGM data Hypoglicemia Labelling I
. HYPO/NO-HYPO

Experiment 1: Mild
<70 mg/dL

ith pre-hemodialysis session
I ith hemodialysis session
* Hypoglicemia event

I
I
Experiment 2: Severe I
<54 mg/dL |

Training/ .
LOSO validation 70%
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Figure 23 Dataset preparation.
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5.3.2 Results

For brevity, ranges for performance metrics across the classification models and values
for the best- model (i.e., Logistic Regression, in brackets) are in Table XXVI. Mild
hypoglycemia prediction did not show satisfactory performances. On the contrary,

severe hypoglycemia revealed promising results.

Table XXVI. Performances.

Mild Severe

LOSO Test LOSO Test
AUC 0.45-0.64 0.50-0.71 0.78-0.94 0.57-0.77

(0.63) (0.66) (0.83) (0.76)
CA 0.48-0.66 0.57-0.70 0.74-0.89 0.77-0.83

(0.60) (0.67) (0.74) (0.80)
F1 0.49-0.66 0.57-0.69 0.77-0.89 0.74-0.82

(0.60) (0.68) 0.77) (0.81)
SE 0.48-0.66 0.57-0.70 0.74-0.89 0.77-0.83

(0.60) (0.67) (0.74) (0.80)
SP 0.48-0.68 0.43-0.60 0.53-0.94 0.43-0.74

(0.61) (0.60) (0.94) (0.74)

5.3.3 Discussion

According to the proposed framework, CGM metrics can be exploited to detect
conditions associated with a higher risk of severe hypoglycemia during hemodialysis.
As a proof of concept study, testing was conducted, and among the different ML
algorithms used in the present study, Logistic Regression achieved the highest
performances with 76%, 80%, 81%, 80%, 74% for AUC, CA, F1, SE, SP, obtained for
the test set in the case of severe hypoglycemia prediction. Of note, the number of
subjects included in the present study could seem low, thus representing a limitation;
however the total number of observed hemodialysis sessions was 92, including more
than 5000 data points.

To conclude, the main results showed that CGM metrics measured prior the

hemodialysis session have a role in predicting upcoming severe hypoglycemia.
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5.4 Concluding remarks

For what concerned this chapter, focused on feature-based CGM data-driven analysis,

some final consideration can be made:

e asimple logistic regression model has been proven adequate to perform
a classification task to identify differences in postprandial glycemic
response of subjects having T2D/prediabetes with respect to that of
normal subjects;

e logistic regression also performed better in testing when used for DR
detection, giving a balanced number of misclassifications accounting
for less than 30% of misclassified cases; compared to studies using
electronic health records instead of CGM data, we obtained similar
AUCs and lower specificity counterbalanced by higher sensitivities,
desirable in biomedical context and suggesting the potential of
integrating both data sources;

e for exercise-induced hypoglycemia detection, we achieved similar
performances compared to studies that required additional information
coming from other measures such as heart rate or insulin level,

e the HIKE composite metric evaluated in a 5-h window preceding the
exercise session appeared to provide useful information on the risk of
hypoglycemia when considering exercise performed in controlled
conditions;

e (CGM metrics measured prior the hemodialysis session have a role in

predicting upcoming severe hypoglycemia.
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6 In-silico modeling approach to separate
exogenous and endogenous plasma insulin

appearance

® This chapter relies again on the use of mathematical models, but differently from
Chapter 2 which focused on insulin clearance and glucagon suppression as
determinants of diabetes pathophysiology, this methodological approach is framed in
the field of pharmacological therapy, particularly focusing the attention on the open
problem of quantifying the exogenous insulin that reaches the -circulation
(bioavailability). Investigation of such an aspect is carried on through the development
of an in-silico approach based on dynamic modeling, performed using meal tolerance
test data following inhaled insulin administration that were provided directly by
MannKind, who, as far as we know is the only one productor of inhaled insulin
approved for use by FDA in the United States.

Exogenous insulin administration is used to counteract hyperglycemia condition and
is especially used for T1D [20] but also in T2D when oral antidiabetic medications fail
to achieve adequate glucose control [21]. Despite the extant impairment, a variable
residual endogenous insulin secretory capability exists in T2D [244] and there is
increasing evidence that it also apply in cases of T1D [245], [246]. This residual
endogenous component may contribute to the measured total plasma insulin in a non-
negligible amount with respect to exogenous insulin; therefore, its correct
quantification is important to provide a more reliable estimate of the expected
exogenous insulin profile, as well as may eventually impact the decision on the
adequate exogenous insulin administration considering the perspective of precision
medicine [229]. Quantification of endogenous insulin secretion is also necessary in
clinical trials for drug development. Indeed, when testing pharmacokinetic properties

and dose ranging for safety of new exogenous insulin formulations, early phase clinical

® This chapter contains material that has been submitted for publication [290]
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trials are performed in healthy individuals, who have a preserved endogenous secretion
that may play an important role.

Model-based approaches have been extensively used to describe typical
profiles of insulin concentration over time following exogenous administration of
various insulin formulations [247], [248]. However, issues related to the quantification
of endogenous insulin secretion were often ignored since suppression of this
component can be obtained through experimental procedures (e.g., hyper-insulinemic
clamp or somatostatin administration); such procedures, however, are complex to
perform, present potentially harmful drawbacks for the individual and may be not fully
effective in achieving adequate suppression [249]. When experimental conditions are
more physiological and thus do not involve suppression (as in mixed meal tolerance
test), simple “baseline correction” methods are nowadays exploited that assume a
single value of plasma glucose, insulin or C-peptide reflecting the endogenous
component and correct the total plasma insulin for this constant quantity [250], [251],
[252]. Even though plasma C-peptide is commonly considered a more reliable marker
with respect to insulin since it is co-secreted with insulin in equimolar amount, but it
1s not extracted to a significant extent by the liver, still the baseline correction
represents a very rough quantification as it does not reflect the dynamic changes during
the test. Some attempts to provide a more refined correction based on C-peptide were
made that involve mixed effects regression equations [253] but such data-driven
approaches act as a black box, disregarding the description of the underlying
physiological processes; moreover, robustness of such approaches in individual
estimation are strongly affected by statistical assumptions among which the choice of
covariates [64]. For this reason, a dynamic model-based approach is desirable to
overcome the limitations of the approaches previously proposed. On this basis, the aim
of the present chapter is to develop a dynamic in-silico modeling approach that
separates and quantifies the contributions of exogenous and endogenous insulin to
measured plasma insulin in physiological conditions (i.e., meal test).

Although insulin is typically delivered through subcutaneous injection, alternate routes
of administration are also used, including pulmonary delivery via inhalation, whose

advantages were reported in section 1.2.3. As a secondary aim, application of the
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proposed methodology to inhaled insulin administration was pursued to assess its

effects on endogenous insulin secretion.

6.1 Materials and Methods

6.1.1 Experimental Protocol

A phase 1, single-center, open-label, randomized, crossover study in 21 healthy
subjects (protocol number MKC-TI-141) was considered [253]. In summary, all
subjects underwent two equivalent standardized meal tests (approximately 600 kcal to
be completed within 20 minutes) on separate days, with one of the tests preceded by
inhalation of a dose (22U or 20U) of Technosphere® Insulin through the Gen2B
Inhaler. Blood samples were analyzed for glucose, insulin, and C-peptide obtained
over a 6-hour period [0, 7, 15, 30, 60, 120, 240, 300, 360] min, thus providing one set
of experimental data for the meal test (Gp7(t;), Iy (i), CPyr(t;)) and one set for the
meal test with inhaled insulin (G4 (t:), Iyr+1 (i), CPyr+1(t:)), with i indicating the
i-th measurement time sample. Insulin and C-Peptide concentrations were determined
using an electrochemiluminescence  immunoassay and a competitive
chemiluminescence immunoassay, respectively. The study design is summarized in

Figure 24 and subjects characteristics are shown in Table XX VII.

Study design

Day 0 Day 1
;E;.
@ e Q e .
000 000
000
Meal test Meal test + inhaled insulin
N =21
Plasma glucose, insulin and /‘Plasma glucose, insulin and
C-Peptide concentrations C-Peptide concentrations

Figure 24. Graphical representation of the study design. Subjects underwent a standardized meal test on
day 0 and a standardized meal test followed by Technosphere® Insulin inhalation on day 1.

109



6 In-silico modeling approach to separate exogenous and endogenous plasma insulin appearance

Table XX VII. Subject’s demographic and baseline characteristics and estimates for the C-peptide model
parameters from Step 1 of the analysis (mean and standard deviation across subjects) and for the insulin
model parameters from Step 2a (mean and standard deviation of individual estimates)

Subject characteristics Total (n=21)

Sex 10M, 11F

Age (years) 28.148.5

BMI (Kg/m?) 26.1+2.9

Ethnicity 14C,3A,2B,1H,1AI
Gy (mg/dL) 90.4+6.6

I, (nU/mL) 10.2+11.2

Cps (ng/mL 1.6+0.7

Data are mean+ standard deviation unless otherwise indicated. M: Male, F: Female, C: Caucasian, A: Asian, B:
Black of African Heritage, H: Hispanic, Al: American Indian, Gb: Basal glucose, Ib: Basal insulin, Cpb: Basal C-
peptide.

6.1.2 Modeling

The three-step dynamic model-based (DM) approach summarized in Figure 25 was
used to estimate the exogenous and endogenous insulin contributions to total plasma
insulin.

First step. Estimation of the C-peptide secretion rate (CPSR (t), pmol-min™')
was performed by solving a deconvolution problem with CPSR (t) as the unknown
input function and C-peptide kinetics described by the following two-compartment

model, as initially introduced by Eaton et al. [254]:
%ACPl(t) = —(ka1 + ko1) - Acp1(8) + kqa - Acp2(8) + CPSR (),
Acp1(0) = Acp1pasat = CPpasar - Vepr  (16)
%Acpz(t) = k1 - Acp1(t) — kg - Acpa(2),

K
Acp(0) = k_i; “Acpibasa (17)

where Acpq(t) and Acp,(t) are the amounts of C-peptide (pmol) in the accessible and
in the remote (from plasma) compartment, A;pq pasq: 1 the basal amount of C-peptide
(pmol) in the accessible compartment, CPj,s, 1s the basal plasma C-peptide
concentration (pmol-L™') measured immediately before inhalation and meal intake,
Vp1 1s the C-peptide distribution volume (L) in the accessible compartment, and k;,,

k1, ko, are the transfer rate constants (min™'). The model predicted C-peptide
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CP(t)=Ap, ()
Ver

concentration is . The parameters representing the three model rate

constants and distribution volume were determined using each subject’s
anthropometric characteristics (age, sex and body surface area) by applying the
formulas from Van Cauter et al.[57] .

Given that C-peptide and insulin are secreted equimolarly, and that C-peptide
does not undergo hepatic extraction, insulin secretion rate can be assumed equal to
CPSR (t). This approach was applied to the meal test data without (1a in Figure 25)
and with (1b in Figure 25) prior inhalation of exogenous insulin to obtain CPSR ;1 (t)
and CPSR yr4;(t), respectively.

Second step. The following one-compartment model of insulin kinetics was
used to obtain subject-specific estimates of insulin distribution volume V; (L) and
elimination rate constant n (min') using plasma insulin concentration-time

measurements [64] :
d
EAIendo(t) = —N - Ajenao(t) + CPSR (¢),

Alenao(0) = Iendopggq; - Vi (18)
where Ajengo(t) is the amount of plasma insulin (pmol), CPSR (t) is the insulin
secretion rate (pmol-min™), and Iendoy,s,; is the basal plasma insulin concentration

(pmol-L") measured immediately before meal intake. The model predicted

endogenous insulin concentration is Iendo®™ (t) = A;onqo (t) T The model was first
VI

applied to the meal test data without prior inhalation of exogenous insulin (2a in Figure
25). The resulting subject-specific model was then used on meal test data with inhaled
insulin to predict the plasma insulin component attributable to endogenous insulin
lendob¥,,(t) (pmol-L™), as depicted in step 2b of Figure 24.

Third step. The contribution of exogenous insulin lexol¥,,(t) to plasma
insulin was obtained by subtracting the predicted endogenous component
Iendo}.,;(t) from the total insulin concentration Iy,7,;(t;) measured during the meal

test with inhaled insulin:

Texopr+i(t) = Iyr4i(t;) — Iendoyy,,(t) (19)
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DYNAMIC MODEL-BASED APPROACH SUMMARY
Step 1

Estimation of C-peptide secretion rate as a piecewise linear function by
fitting C-peptide plasma concentration

1a 1b
Meal Test Meal Test + Inhaled insulin
Data CPMT (tl) Data CPMT+I (tl)
Anthropometric
characteristics CPSR ()
(body surface area,
age, sex) .
Van Cauter ey _ Aeea()
etal. CP() = -
kors Koz Kz
and Vgp, d
a"cmu) = —(kyy + ko )Acpy () + kypAgpa(t) + CPSR (8)
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Step 2

Estimation of n and V, parameters of insulin kinetics by fitting meal test
plasma insulin data (2a) and reconstruction of endogenous insulin
IendoB¥, ,(t) using the estimated n and V, (2b)
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Step 3

Prediction of exogenous insulin lexoby,,(t) by subtraction of endogenous
insulin fendofyy, ,(¢) from the measured plasma insulin 1y, (t)

Figure 25. Flow chart of the three-step modeling approach.
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6.1.3 Model implementation and parameter estimation

Model simulation and parameter estimation were performed using the ADAPT
(version 5) software for pharmacokinetic/pharmacodynamic system analysis [255].
The deconvolution problem to estimate CPSR (t) was solved by assuming CPSR (t)
as a piecewise linear function, as depicted in Figure 25, whose parameters (slopes of
each line segment) were determined through maximum likelihood estimation using the
measured plasma C-peptide measurements. Break points of the piecewise linear
function corresponded to the measurement times [256]. Estimation of individual
insulin kinetic parameters (V; and n in Figure 25) was obtained using maximum

likelihood estimation in ADAPT.

6.1.4 Comparison with other C-peptide-based methods

The dynamic model-based method for estimating endogenous plasma insulin proposed
herein was compared to the “C-peptide correction” methods previously proposed by
Owens [252] and by Marino et al. [253] These latter two methods attempt to correct
the measured insulin concentration by removing the component (assumed constant)
attributable to endogenous secretion, thus resulting in the isolated contribution of
exogenous insulin.

Application of the method proposed by Owens [252] - also known as “baseline
correction” (BC) - to the meal test with inhaled insulin data (Iy;74;(t;), CPyr+1(t))
results in the following predicted values of the endogenous (IendobS.,;(t;)) and

exogenous (lexoB5., ,(t;)) components of plasma insulin:

Iendog%.,(t;) = ICPRBC . CPyr, (L) (20)
Iexo,\%H(ti) = Iy (t) — Iendoﬁgﬂ(ti). (21)

In equation (20), ICPREC represents the Insulin-to-C-Peptide fractional temporal Ratio

and is a constant value throughout the test, computed as follows:

BC _ ImT41(0)
ICPR CPmT+1(0) (22)

where Iyr4;(0) and CPyr4;(0) are the plasma insulin and C-peptide concentrations
measured at baseline (i.e., before starting the test), respectively.
The method proposed by Marino et al. [253], hypothesized the existence of a

linear relationship between insulin and C-peptide time courses and exploited a linear
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mixed effects (LME) modeling approach to predict the endogenous component,

IendoE (t;), and the related exogenous component, IexoiE (t;), from meal test

with inhaled insulin data according to the following equations:

IendoME (t;) = ICPRM™E . CPyry (t) + Intercept (23)
Texoir (t) = Iyr4i(t) — lendogrk, (¢). (24)
In equation (8), ICPRYME is a constant value throughout the test computed as follows:
ICPR'™E = Slope + vgypject (25)

where Intercept and Slope in equations (23) and (25) represent the mean values of
the intercept and slope in the linear regression analysis across all subjects, thus

accounting for the fixed effects; vVsypjece 18 the subject specific deviation from the

mean slope and represents the random effects. To estimate parameters of the linear

mixed effect model (Slope,Vsypjecr and Intercept), meal test data

[Ip7r(t;) and CPyr(t;)] were used (analogous to Step 2a in Figure 25).

Each of these C-peptide correction methods was implemented in MATLAB
2019b (The Mathworks); the fitlme built in function was used to perform the required
linear mixed effect modeling analysis. Our dynamic model-based estimation method
and the two C-peptide correction method results were evaluated by comparing their
respective insulin-to-C-peptide fractional temporal ratio values, which for our
approach is given by the following equation:

TendoBH, (t)
CPyT+1(t7)

ICPRPM(¢)) = (26)

6.1.5 Assessment of the percentage of exogenous insulin dose reaching the

plasma

The percentage of initial exogenous insulin dose that reached the plasma (i.e., absolute

bioavailability, %exo) was obtained as follows:

AUClexo
AUCy

%exo = (27)

being AUCjpy, (pmol-min/L) the area under the exogenous insulin concentration
profile and AUC,, (pmol-min/L) the area under the curve that would be obtained if the
same dose was administered intravenously.

Assuming a single-compartment description, AUCy was computed as follows:
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Vi-n

AUCIV = (28)

Dose

being V; the insulin distribution volume and n the elimination rate constant estimated
in the second step of Fig. 2; Dose is the dose of inhaled insulin administered to each

subject (20 or 22 U).

6.1.6 Statistical analyses

Statistical analysis was performed using the MATLAB 2019b (The Mathworks). The
Lilliefors test was used to evaluate if variables come from a normal distribution.
Differences in measured glucose, insulin and C-peptide concentrations between meal
test and meal test with inhaled insulin were assessed using the nonparametric Wilcoxon
signed rank test. The model performance was evaluated in terms of goodness of fit
(coefficient of determination, R?). Results are presented as mean + standard deviation
unless otherwise designated. Statistical comparisons of the endogenous insulin
predicted for both meal test without (Iendob)y) and with (Iendob)}, ;) prior inhalation
of exogenous insulin were evaluated at each sampling time and in terms of supra-basal

area under the curve using the nonparametric Wilcoxon signed rank test.

6.2 Results

The plasma glucose, C-peptide and insulin concentrations measured during the meal
test with and without prior inhalation of exogenous insulin are summarized in Figure
26. The bottom panel of Figure 26 shows the higher insulin concentration observed in
the first hour of the meal test with inhaled insulin. From the central panel, it can be
noticed that the observed C-peptide (a marker of endogenous insulin secretion) is
lower in the meal test with inhaled insulin during the 30-to-120-minute interval

following the meal test.
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Figure 26. Average plasma glucose (G), C-peptide (CP) and insulin (I) concentrations measured during
meal test without (grey line) and with prior inhalation of exogenous insulin (black line). * p<0.05.
Vertical bars represent SE.

Estimates for the C-peptide model parameters from Step 1 of the analysis (V¢pq, k12,
k,1, ko) and for the insulin model parameters from Step 2a (V; and n) are given in
Table XXVI. Plots of the individual subject’s model predicted plasma insulin
concentrations from Step 2a are shown in Figure 27, and result in an overall goodness
of fit R? = 0.919. Individual subject’s predicted endogenous insulin Iendo,,r versus

measured total plasma insulin concentrations Iy (t) are shown in Figure 28.
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Table XXVIII. Estimates for the C-peptide model parameters from Step 1 of the analysis (mean and
standard deviation across subjects) and for the insulin model parameters from Step 2a (mean and

standard deviation of individual estimates)

Calculated parameters_Step 1
Vep1(L)

kq (min)

kyq1 (min)

ko1 (min)

Estimated parameters Step 2a

Mean+Standard Deviation
4.223+0.350
0.050+0.001
0.052+0.001
0.059+0.001

Mean+Standard Deviation

V; (L) 15.680+5.740
n (min') 0.120+0.050
Data are mean+ standard deviation unless otherwise indicated.
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Figure 27. Individual fits for each of the 21 subjects from meal test data; continuous black lines show
the model fit; black dots represent meal test measured plasma insulin concentration (pmol-L).
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Figure 28. Goodness-of-fit plot showing the individual subject predicted endogenous insulin (Iendo}
vs. measured plasma insulin concentrations of the meal test (I;). The line of identity is represented as
a solid black line. Dotted lines represent 95% confidence bounds. R> = 0.919.

The endogenous insulin profiles, Iendoky and Iendob}.,, predicted based on
each subject’s model parameters were averaged and shown in Figure 29 (panel A). A
statistically significant difference in endogenous insulin with and without inhaled
insulin was found at the 60 min sample time (p<0.01) and a divergence (accounting
for a statistically significant difference according to Wilcoxon signed rank test) in the
time course of endogenous insulin between the two tests was present between 30- and
120-min following insulin delivery. Moreover, the supra-basal area under the curve of
lendoyr,; was significantly lower than that of Iendoyr (SAUC lendobH., =
2.1£1.7-10* pmol-min/L, sSAUC _IendoD} = 4.2+1.8-10* pmol-min/L, p<0.001). For
the meal test with inhaled insulin, the predicted exogenous insulin contribution to the
total plasma insulin is shown in Figure 29 (panel B) and accounts for on average
344+18% of total plasma insulin. Average of Insulin-to-C-Peptide fractional temporal
Ratio (ICPR) across subjects obtained for the baseline correction and linear mixed
effect methods (ICPRB¢and ICPR™E | respectively) are displayed in Figure 30, along
with the estimated ICPRPM obtained from the dynamic model-based method. The
latter shows a rapid increase followed by a rapid decrease during the first hour of test,

peaking at 30 min (0.22+0.02), and falling between ICPRE¢ (0.16+0.05) and ICPR*ME
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(0.23+0.01). The percentage of initial exogenous insulin dose that reached the plasma,
%exo , resulted to be 42+21% ranging from a minimum of 11% to a maximum of

77%.
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Figure 29.. (A) Average predicted endogenous insulin component for meal test (Iendog¥, grey line)
and meal test with inhaled insulin (Iendob}Y,,, black line); * p<0.01, ** p<0.001; (B) average total
measured plasma insulin concentration (Iexob},;, dotted line) and average predicted exogenous
component (17, solid line). Vertical bars represent SE.
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Figure 30. Insulin-to-C-Peptide fractional temporal Ratio (ICPR) between endogenous insulin estimates
and measured C-peptide concentrations during the meal test with inhaled insulin obtained for baseline
correction (BC, orange line) and linear mixed effect (LME, light blue line) methods and for the herein
proposed dynamic model-based method (DM, black line). Vertical bars represent SE.

6.3 Discussion

6.3.1 Novelty, relevance, and clinical applications

A general model-based methodology has been developed that allows for quantification
of the separate contributions of exogenous and endogenous insulin to total peripheral
plasma insulin concentration following insulin administration. As first element of
novelty, the methodology does not require complex experimental procedures to
suppress the endogenous component as those traditionally used and can be applied to
tests performed in more physiological conditions (i.e., meal tolerance test). Secondly,
the procedure allows an easier quantification of percentage of exogenous insulin dose
reaching the plasma, a concept usually indicated as absolute bioavailability and
regarded as a pharmacokinetic feature of the drug. Determination of this feature
usually requires a complex experimental setup, including intravenous drug
administration and the suppression previously mentioned; however, the proposed
approach not only overcomes the limitations of the traditional experimental setup but
also facilitates determination of intra- and inter-individual variability in absolute

bioavailability, thus broadening the perspective with respect to the potential of
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bioavailability in the direction of “individual bioavailability”. Eventually, the approach
can be implemented in an easy-to-use integrated software tool for quantifying the
exogenous component of systemic plasma insulin and the individual bioavailability, in
an effort to assess patient-specific dose-response following insulin administration
during a meal test.

Application of the proposed method to a clinical trial based on inhaled insulin
administration in healthy subjects provided insight on the difference in endogenous
contribution to plasma insulin following meal tests with and without inhaled insulin
(see Figure 29 panel A). Indeed, the predicted time course of endogenous insulin
showed a 18.2% reduction in its peak value and the overall endogenous insulin
exposure, as assessed by the supra-basal area under the endogenous insulin curve, was
reduced by a factor of two following inhaled insulin administration. This general
action of exogenous insulin to reduce endogenous insulin secretion, which can be
attributed to a negative-insulin-feedback loop mechanism, has been reported
previously for other exogenous insulin formulations [257], [258], [259] and may
contribute to preserving beta-cell function in patients with type 2 diabetes [260] and
also type 1 diabetes [261]. The ability to separately quantify exogenous and
endogenous contributions with their own dynamic behaviors while capturing the effect
that one has on the other may open new scenarios in the field of precision medicine by
designing tailored therapeutic regimens on the basis of the individual's residual
capability to manage changes in blood glucose [262], [263], [264], [265]. Indeed,
evidence showed the existence of a log-linear relationship between glycemic
variability, a measure of glycemic control, and endogenous insulin secretion in insulin-
treated and non-insulin-treated patients with type 2 diabetes [266]. However, studies
were conducted exploiting fasting C-peptide as a marker of endogenous secretion and
consideration of the time course of endogenous insulin, as done in the present study,
may help to investigate how target trends in glucose response can be obtained and to
modulate exogenous insulin doses accordingly. As for the case of inhaled insulin, there
is evidence that Technosphere Insulin is beneficial to reduce daytime glycemic
variability [267], thus the method proposed herein could be useful to elucidate the role

of endogenous insulin in mediating this relationship.
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Quantification of individual bioavailability obtained by the present approach
may be also framed in the domain of personalized therapy; indeed, attempts have been
recently made to design tools based on personalized bio-impedance modelling for real-
time monitoring of the amount of bioavailable insulin, with the aim to achieve a more
accurate insulin administration accounting for both the intra- and inter-individual
variability in insulin bioavailability [268], [269]. Range of values of bioavailability
obtained by the approach proposed in the present study furtherly supported the fact
that a high variability exists among individuals and tools for real-time monitoring of
the amount of bioavailable insulin may benefit from such an approach to improve their

reliability (as for example, in calibration procedures).

6.3.2 Comments on the applied methodology

The proposed method for decomposing total plasma insulin into its endogenous and
exogenous components involves the use of compartment models to describe the
kinetics of C-peptide (Step 1) and the kinetics of insulin (Step 2). In contrast to other
methods that attempt to determine insulin secretion using measured plasma insulin
alone [270], our approach also requires measurement of associated C-peptide
concentrations whose assessment in clinical practice is increasingly encouraged [271].
For C-peptide, the well-established two compartment model used by Eaton et al. [254]
was adopted, with specific parameters determined based on each subject’s body
surface area, age and sex following Van Cauter’s method[57]. Although the method is
based on subject’s specific estimates, the calculated C-peptide kinetic model
parameters obtained in Step 1a are based on mean population information derived from
anthropometric characteristics (e.g., body surface area, age, sex), reflecting the inter
subject variability that can be explained based on these patient’s specific covariates. It
is correct that other factors contributing to inter subject differences, not explained by
a subject’s body surface area, age and sex, are not taken into account. On the other
hand, determining unique subject specific C-peptide kinetic parameters would require
complex experiments designed to estimate each subject’s C-peptide kinetics.
Therefore, C-peptide kinetic model parameters were obtained using the Van Cauter’s
method [57], extensively exploited for similar purposes. To represent the C-peptide

secretion rate profile, a piece-wise linear function was assumed with the break points
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corresponding to the measurement times, which allows easy estimation of the
unknown slopes of each line segment using the measured C-peptide concentration
data. The choice of piece-linear approximation to the C-peptide release rate has
advantages over fully parametric methods that use a single overall function (e.g.,
Gaussian [272]) to represent C-peptide release rate. Moreover, despite we recognize
that nonparametric deconvolution approaches could have some advantages (i.e., finer
input discretization grids), we noted that the simplified approximation to the C-peptide
release rate used in this work can adequately describe the time course of observed
insulin data when used as the input to the insulin kinetic model, as shown in Figure 27
and Figure 28. A one-compartment model was then used to describe plasma insulin
kinetics, parameterized in terms of distribution volume and rate constant of
elimination, with the C-peptide secretion rate function determined in Step 1 serving as
the input. The use of single compartment to represent insulin kinetics was deemed
appropriate during a meal test, where insulin levels remain low enough to avoid
saturable processes and hence maintaining linear dynamics [273]. Furthermore, since
we were not interested in segregating hepatic and extrahepatic contributions to insulin
elimination, hepatic extraction was not included in the model, and, therefore, the
elimination rate constant n represents an overall measure of insulin clearance. The
resulting estimates of the elimination rate constant (Step 2a) are in good agreement
with those reported in other studies involving healthy subjects [64], [274], [275],
further supporting the choice of C-peptide function approximation and insulin kinetic
model. The individual subjects’ estimates of both insulin distribution volume and
elimination rate constant obtained from the meal test alone were assumed to be the
same in each subject during the meal test with inhaled insulin. These estimates were
then used in such meal test with inhaled insulin to determine the endogenous
contribution to plasma insulin (Step 2b), and subsequently the exogenous component
(Step 3).

As for the bioavailability estimation, to overcome the need to perform a second
experiment involving intravenous insulin administration, we exploited each subject
insulin pharmacokinetic estimated parameters in order to compute a surrogate area
under the curve that would have been obtained if the same dose would have been

injected intravenously. This assumption has been deemed appropriate since the insulin
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kinetic parameters are estimated independently from the route of administration, being

the description of the absorption bypassed.

6.3.3 Comparisons to other C-peptide based methods

The dynamic model-based methodology presented herein addresses some of the
limitations of previously reported approaches for separating exogenous and
endogenous contributions to plasma insulin following insulin administration. In the
“baseline correction” or Owens method [252], the endogenous contribution to plasma
insulin is calculated to be a constant fraction of total insulin based on a single baseline
insulin sample, and thus ignores the systems dynamics included in Steps 1 and 2 in our
proposed modeling framework (Fig. 2). Indeed, a recent study that evaluated C-peptide
baseline correction method concluded that in the presence of unsuppressed
endogenous insulin caution should be taken when using such methods for predicting
exogenous insulin [276]. In contrast, the method proposed by Marino et al. [253]
exploiting linear mixed effects modeling partially overcomes the limitations of the
baseline correction method by considering measurement time points over the whole
test. This method, however, again ignores the insulin dynamics included in Step 2 of
our approach. The resulting differences in the three methods are illustrated in Figure
30, which shows the insulin-to-C-peptide fractional temporal ratio between the
endogenous insulin component and the measured C-peptide. Results from the baseline
correction and linear mixed effect methods indicate that they maintain a constant
relationship throughout the test. The prediction obtained with the dynamic model-
based method, in contrast, results in a time varying insulin-to-C-peptide fractional
temporal ratio, which better reflects insulin dynamics; in this case, a fast change (rapid
increase followed by rapid decrease) is observed in the first hour of the test.

It has to be acknowledged that comparison has been limited to methods relying
on C-peptide, although other methods based on “glucose correction” have been
proposed [250]. The reason for this choice relies on the fact that methods based on
glucose were developed in applications devoted to glucose control, thus in conditions

in which additional simplifying assumptions are needed.
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6.3.4 Limitations and related comments

The study design required with the proposed method has some limitations. Primarily,
the application of the proposed approach requires administration of two different meal
tests, one with and one without inhaled insulin, which would need to be conducted so
as to minimize any carryover effects, i.e., the influence of the first test on the second
one; however, other methods based on meal test have the same requirements [253].
Moreover, the method has been evaluated in a relatively limited number of healthy
subjects, and evaluation in diabetic patients is needed. Furthermore, another issue has
to be acknowledged: indeed, it has to be noted that a direct evaluation of the quantities
predicted by the model-based approach under experimental conditions similar to
physiological ones (i.e., meal test), however, cannot be achieved by using
Technosphere® Insulin. This is because, being its formulation based on regular human
insulin, it is indistinguishable from that secreted endogenously. In future studies, this
direct assessment could be evaluated across other insulin analogs that are
distinguishable from regular human insulin by using assays based on specific
monoclonal antibodies that have low cross-reactivity to insulin analogs but high
reactivity to endogenously produced insulin. Nonetheless, as a proof of reliability of
the proposed method, it can be noted that the predicted exogenous insulin time course
shown in Figure 29 (panel B) is qualitatively comparable, in terms of onset and
duration, to that previously reported for a dose of 24U of inhaled insulin [27].
Similarly, the time course is characterized by a fast onset (peak around 15 min) and a
relatively short duration (baseline reached after 120 min, Figure 29 panel B); however,
strict comparison is not possible since in this latter study a less refined method was
used to quantify exogenous insulin. Lastly, the estimates here obtained for absolute
bioavailability are not directly comparable to those previously reported in the literature
for the case of Technosphere insulin (which provided lower values, usually not
exceeding 15% [248], [277], [278]) for multiple reasons; indeed, previous estimates
were obtained exploiting the baseline correction method, which could have produced
underestimation of the exogenous insulin profile; moreover, in previous studies insulin
was administered using different inhalation devices, which may be less efficient than

the one here used [27].
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6.4 Conclusions

A dynamic model-based approach has been developed to separate exogenous and
endogenous insulin contributions to total plasma insulin during a meal. Application to
the case of inhaled insulin showed an effect of exogenous insulin on the endogenous
secretion, which can be potentially beneficial to preserve the latter. This methodology
could be useful to assess the exogenous insulin profile in studies based on subjects
with residual endogenous insulin and, when introduced in the framework of
personalized therapy, to provide patient-specific dose-response following insulin
administration. Finally, we noted that although exogenous insulin in this study was
provided through inhalation, the proposed approach can be applied to other routes of

administration.
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7 Conclusions and future developments

The vast concept of digital health technology has started to permeate the field of
diabetes prevention, management and treatment as various solutions have started
popping up for their potential to revolutionize diabetes care. The proposal to offer
solutions based on the transformation of information from measurable metabolic data
seems promising in the perspective of developing CDSS. In fact, leveraging
transformed information through techniques such as physiological system modeling or
metric extraction, rather than raw data, offers certain advantages. It allows for the
characterization and representation of a specific process from a metabolic point of
view, and it does so conveniently in terms of computational expenses for real-time
applications and interpretability. This is what has been attempted in this thesis work,
developing model-based and feature-based data-driven approaches, sometimes
resorting to machine learning techniques. Indeed, such kind of approach is quite
innovative also considering that the related literature works published so far were more
focused on blood glucose forecasting for the full-automation of insulin delivery and
less on standalone CDSS. In this work we explored different applications moving from
model-based towards the feature-based data-driven approaches, answering open
research questions encompassing preventive screening, innovative diagnosis,
hypoglycemia risk prediction and quantitative physiology for targeted-therapy, for
individuals at different metabolic statuses. Summary of the specific addressed tasks,
together with possible limitations and future developments are provided in the
following sections. Findings are also discussed in relation to a recent review by Jacobs
et al. [279], which provides consensus guidelines for machine learning practitioners in

the field of diabetes.

7.1 Summary of main findings

In Chapter 2 physiological system modeling was exploited to assess: i) insulin
clearance in its hepatic and extrahepatic components, firstly with the implementation

of a previously proposed method enriched by the use of regularization techniques and
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then by developing a novel approach; ii) a-cell sensitivity to glucose and insulin. The

approaches were applied to different sets of data for each case and results showed that:

a simplified version of the IM-IVGTT (1 hour) with the adoption of the
assumption of a linear hepatic clearance dynamics proof reliable to
assess hepatic and extrahepatic insulin clearance in women with a
history of GD;

the higher insulin clearance observed in DIRKO animal model
compared to its WT counterpart during the IVGTT first phase may be
due to its extrahepatic component, suggesting that in conditions of lack
of incretin effect a compensatory response may take place at peripheral
level;

adding to the Polidori et al. other independent equations linking hepatic
and extrahepatic components to the total insulin clearance profs suitable
for application to IVGTT test, which for construction is a less
appropriate test to separate the two insulin clearance components than
the IM-IVGTT;

for the glucagon model, the main improvement of the new formulation
was to include the contribution of glucose to that of insulin when
considering the mechanisms related to alpha-cell glucose sensing,
which resulted in the presence of a dual regulation in the healthy group

and impaired in the T2D group.

It is worth noticing that in this piece of the thesis we decided to focus on processes

such as insulin clearance and a-cell sensitivity instead of considering the more studied

processes of B-cell function and insulin sensitivity, and this was done precisely with

the idea of guaranteeing an overall characterization of the pathology that takes into

account its heterogeneous etiology. Indeed, there is evidence that response to treatment

and progression of complications may be optimized by knowing all the different

“component pathways” that may contribute to the disease, as for what theorized by

McCarthy [280]. Thus, we used physiological system modeling to deepen into such

specific processes offering tools for estimating parameters that allow fine phenotyping

of the data. In general, besides having potential as tools applicable in clinical contexts,
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constituting decision support tools themselves, physiological system models can help
in the field of investigation of new scientific evidence that can constitute an expansion
of the knowledge base of CDSS or generate parameters that can be used as features for
machine learning applications. This is in line with one of the suggested best practices
in the review consensus guidelines [279], there considered in the specific context of
exercise, but that we can extend to other contexts.

In Chapter 3, the latter concept was investigated through the use of model-
based parameters to feed machine learning algorithms in order to assess a ML-based
framework capable to help preventing T2D development in women who had GD. In
particular, the main result was the identification of features, namely disposition index,
basal secretion rate of insulin and mean area under the C-peptide concentration curve
among the most relevant features for the progression to T2D.

In Chapter 4 an analysis was performed before setting out approaches based on
CGM data in order to determine which was the most appropriate tool to be used in
subsequent analyses. Among the 12 tools that have been tested, results indicated that
iglu software package was the right package showing a good trade-off between number
of computable metrics and reliability of computations.

In Chapter 5 CGM computed metrics were given as input to various ML
algorithms to build feature-based machine learning approaches in different fields: 1)
innovative diagnosis, ii) early identification of diabetes complications, iii) prediction
of impending hypoglycemia in the case of exercise-induced hypoglycemia in
individuals having type 1 diabetes, iv) and in the case of hemodialysis-induced

hypoglycemia. Results showed that:
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e asimple logistic regression model has been proven adequate to perform
a classification task both to identify differences in postprandial
glycemic response of subjects having T2D/prediabetes and to detect
DR;

e good performance were obtained for T2D/prediabetes detection while
for DR detection additional information may be required in addition to
CGM data for reaching better performances;

e for exercise-induced hypoglycemia detection, we achieved similar
performances compared to studies that required additional information
coming from other measures such as heart rate or insulin level;

e decision tree resulted adequate for exercise-induced hypoglycemia
detection in both controlled and free-living exercising conditions;

e CGM metrics measured prior the exercise session have a role in
predicting upcoming exercise-induced hypoglycemia;

e The proposed HIKE composite metric evaluated in a 5-h window
appeared informative on the risk of hypoglycemia when considering
exercise performed in controlled conditions;

e CGM metrics measured prior the hemodialysis session have a role in

predicting upcoming severe hypoglycemia;

A main advantage of relying only on CGM is in the opportunity to ensure wide
screening, thanks to the growing diffusion of CGM use among patients with diabetes.
For DR detection this would allow a pre-screening in people at risk, that would need
to be confirmed going to fundus checks, which are very often postponed. For the early
diagnosis of impaired glucose tolerance, feasibility of CGM based tolerance test would
have many advantages if added to the standard diagnosing tests. Moreover, what the
approach stands out for is that even if we did not implemented techniques for glucose
forecasting, we were able to discriminate the occurrence of hypoglycemia by using
only pre-event CGM data.

In relation to consensus-based best practices and pitfalls to avoid when

developing ML-based applications in the field of diabetes, we can conclude that:
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7.1 Summary of main findings

the CGM datasets used were all open-source data, had good
heterogeneity and glucose variance, ensuring a good representation of
the population under study (i.e., T1D subjects under MDI or pump
therapy were well balanced) and avoiding biased results;

when partitioning the datasets, we ensured that samples coming from
the same subject were not mixed among training, validation, test sets;
when handling missing values, linear interpolation, which is considered
a good choice since CGM data change rapidly, was adopted only in
presence of gaps lasting less than 45 minutes;

in line with the fact that simple models generalize better that complex
models if trained on not so large datasets, as typically are CGM dataset,
we avoided using deep learning-based algorithms and relied on simple
ML well known models;

the choice of windows from which computing CGM metrics was done
in relation to the application: diagnosis based on postprandial glucose
comprised the period until 3 hours after meal, in line with standard
diagnosis test (OGTT); for identification of complications a long
window was selected to take into account differences in glycemic
control evaluated during the whole observation period (26 weeks); for
induced hypoglycemia the window was shorter (i.e., 3-8 hours);

CGM metrics extracted were not only those proposed in the review and
standardized in the consensus but also those provided by the selected
package, which were previously verified in chapter 4; our aim was to
investigate the information in many forms in a way to take into account
possible hidden patterns that may be present in relation to each
evaluated research question.

we did not include food and drug intake as features, nor heart rate and
accelerometry signal based features, to make the approach suitable for
a broader population;

for long prediction horizons it is suggested to predict binary events, as

we did in the case of induced hypoglycemia;
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7 Conclusions and future developments

In general, the framework proposed in the guidelines supports the methodology we

have developed.

Finally, in Chapter 6 we proposed an easier and less invasive quantification—
with respect to the traditional experimental setup— of absolute bioavailability i.e., the
percentage of exogenous insulin dose reaching the plasma. In particular, the
methodology allow assessing individual bioavailability thus opening new scenarios in
the field of precision medicine that would boost the design of tailored therapeutic
regimens on the basis of the individual's characteristics. Moreover, when applied to
inhaled insulin results showed that the overall endogenous insulin exposure, as
assessed by the supra-basal area under the endogenous insulin curve, was reduced by
a factor of two following inhaled insulin administration, thus proving the methodology
useful to assess the effect of exogenously administered insulin on endogenous

secretion.

7.2 Limitations and future developments

Concerning the number of subjects considered in each application, it seemed not large
enough to justify the use of ML-based methods; however, if we look at the common
datasets found in the field of metabolism, we can find that dataset dimensions used in
this thesis are comparable with that of other works. Indeed, feature and metric
extraction allow a dataset to be well characterized and representative, thus overcoming
the initial problem. Data augmentation techniques were not employed since we
preferred relying on data reflecting real-world scenarios and avoid introduction of bias.
These consideration were all confirmed by the consensus guidelines we are making
reference. According to the common pitfalls in the field of DSS in diabetes, one of the
limitations of the thesis concerns the fact that the applications relating to the prediction
of hypoglycemia, which in the case of exercise led to the formulation of a risk metric,
however still represent an embryonic state of DSS, as validation requires comparison
with the current recommendations proposed in the clinical guidelines. This may be
focus for future work. Moreover, regarding the CGM-based approaches, future studies
may include: 1) examining different windows for CGM metrics extraction and different

CGM metrics with respect to those considered at present; i1) examining smoothing
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7.2 Limitations and future developments

techniques to remove outlier samples from the CGM trace to reduce noise that is not
physiologically possible (guidelines report that CGM does not typically change faster
than = 4 mg/dL/minute); iii) compare the approach with more complex models (i.e.,
deep-learning) based on raw CGM data. For what it concerns the direct evaluation of
the model-based bioavailability prediction, since Technosphere® Insulin is
indistinguishable from the insulin that is secreted endogenously, it was not possible in
the experiment samples to trace the exogenous insulin. In future studies, this direct
assessment could be evaluated across other insulin analogs that are distinguishable
from regular human insulin i.e., by using assays based on specific monoclonal
antibodies that have low cross-reactivity to such insulin analogs but a high reactivity
to endogenously produced insulin, thus allowing its direct quantification. In
conclusion, even if the present thesis addresses scattered problems and is characterized
by a transversal nature, the integration of the different approaches in an integrated tool
could be the object of interest for the future, with a general perspective of optimizing

prevention, diagnosis and diabetes therapy.
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