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Abstract

Diabetes mellitus is a major and increasing global problem, as reported in the
2016 Global Report of the World Health Organizations (www.who .int/diabetes/
global-report/en/). The number of people with diabetes has risen from 108 mil-
lion in 1980 to 422 million in 2014 and an estimated 1.6 million deaths in 2016 were
directly caused by diabetes. Diabetes can lead to short-term complications caused
by glycemic levels higher (hyperglycemia) and lower (hypoglycemia) than the normal
range, while prolonged hyperglycemia leads to long-term complications that affect
the vascular system, the central nervous system and organs such as kidneys and eyes.
These long term complications usually result in cardiovascular disease, retinopathy
and nephropathy. To avoid these scenarios, a correct managing of blood glucose level
is necessary to keep it inside the acceptable range.

The control of the blood glucose (BG) level inside safe limits, called euglycemic range,
requires continuous monitoring of blood glucose level. The most common method
for type 1 diabetics is the Self Monitoring Blood Glucose (SMBG), that is a finger
prick test taken several times a day. These readings are used to adjust the required
insulin dose, indispensable to keep the blood glucose between the euglycemic range.
In the last two decades another blood glucose monitoring method has been devel-
oped: the Continuous Glucose Monitoring (CGM) system. This kind of sensor allows
diabetic people to control their BG levels in every moment of the day, whenever they

want, thanks to frequently BG acquisitions and to a minimally invasive implanta-

i


www.who.int/diabetes/global-report/en/
www.who.int/diabetes/global-report/en/

ii

tion on the patient skin. The most common CGM sensors give the measurements
every 1/3/5 minutes, all day long and for several days continuously, up to ten. The
advantages of this type of control are many, above all the patients can use the infor-
mation provided by CGMs to better adjust the injection of exogenous insulin and
then achieve a more precise glycemic control.

Furthermore, the availability of all these glycemic data, collected by the CGM sys-
tems, has encouraged the development of many algorithms that can improve the
performance of the BG management. For example, the past CGM data can be used
to predict future glycemic levels with even 20-30 minutes of advance. These pre-
dictions, coupled with suitable alerts, can prevent or at least mitigate the hypo-
glycemic/hyperglycemic episodes before they occur, by warning the patients with
sufficient anticipation to take some countermeasures (i.e. lowering the basal insulin in
case of a predicted hypoglycemic event). Many models and algorithms have already
been proposed in literature, to solve different kind of prediction tasks related to
the glycemic control in diabetic people. In this work, an approach still not deeply
investigated is carried out: the prediction of nocturnal hypoglycemic events using
only the CGM data of the previous day employing Machine Learning approaches.
In chapters 1 the background of the problem of the glycemic control in diabetic people
and the description of the task are illustrated, while in chapter 2 the datasets used
and the pre-processing methodologies are explained. To try to solve the chosen task
many analyses and models have been carried out and they are presented in chapter 3
and 4. The obtained results are shown and discussed in chapter 5. As consequent of
the results, another analysis has been investigated and it is described in chapter 6.
Finally, in chapter 7 there are a conclusion about the work and the suggested further

analyses.
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CHAPTER 1

Diabetes and Continuous Glucose Monitoring

In this first chapter, the aim and the motivations of the thesis are illustrated. An
overview on the problem of diabetes management is presented to help to understand
the rationale behind the aim of this thesis work. Then, a panoramic on the literature
methods is made, to get a complete overview of the problem to solve and of how it is

tried to solve.

1.1 Diabetes Mellitus

1.1.1 The problem of the diabetes mellitus

From the World Health Organizations report published in 2016, the number of
people with diabetes has risen from 108 million in 1980 to 422 million in 2014 and
an estimated 1.6 million deaths in 2016 were directly caused by diabetes (www . who.
int/diabetes/global-report/en/). These facts indicate that diabetes impact
is growing, it is no longer a disease of predominantly rich nations because the preva-
lence of diabetes is steadily increasing everywhere, most markedly in the world’s
middle-income countries. This increase leads also to important and heavier social and
economic costs for society and for the nations. In fact, diabetes and its complications

bring about a substantial economic loss to people with diabetes and their families,
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and to health systems and national economies through direct medical costs and loss
of work. Based on cost estimates from systematic reviews [NCD-RisC, 2016], [Seuring
et al., 2015], it has been estimated that the direct annual cost of diabetes to the world
is more than US$ 827 billion. For the future the study [Bloom et al., 2011] estimates
that losses in Gross Domestic Product (GDP) worldwide from 2011 to 2030, including
both direct and indirect costs of diabetes, will total US$ 1.7 trillion, comprising US$
900 billion for high-income countries and US$ 800 billion for low- and middle-income
countries.

Diabetes prevention, treatment and management are then socio-health emergencies
that push also the scientist and biomedical community to explore innovative method-

ologies and technologies to deal with these problems.

1.1.2 Overview of the disease

Diabetes Mellitus is a chronic disease that occurs either when the pancreas does
not produce enough insulin or when the body cannot effectively use the insulin it
produces. Insulin is a hormone that regulates blood sugar concentration and it is
produced by the beta-cells of the pancreas. Normally it is released when the glucose
concentration in the blood rises, in fact the insulin-primary function is lowering it
after a meal. When food is digested and enters in the bloodstream, insulin moves glu-
cose out of the blood and into cells, where it is processed to produce energy. Insulin
promotes the uptake of glucose by the muscles, suppresses the hepatic production of
glucose by the liver and controls the conversion of glucose into glycogen for internal
storage in the liver. So insulin has an anabolic effect, inducing the organism to store
and to synthesize nutrients; furthermore it is hypoglycemic because it reduces en-
dogenous production of glucose in the liver and it stimulates the use of glucose in
insulin-dependent organs. The normal range of the blood glucose concentration in

healthy subjects is 70 — 180 mg/dl, that is the so-called euglycemic-range.
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Figure 1.1: Scheme of the endocrine system to control the homeostatic feedback loop

In diabetic people, the body is unable to break down glucose into energy because
there’s either not enough insulin to move the glucose, or the insulin produced
does not work properly. As consequence, the concentration of glucose in the blood
(BG) often exceeds the euglycemic range. Hyperglycemia and hypoglycemia, which
are the situation of higher and lower values of BG with respect to the glycemic-
thresholds, cause many short and long-term health problems. The principal long-term
complications are supposed to be caused by the chronic hyperglycemia and by the
lack of insulin that protracting over time cause micro- and macro-vascular damages
(due to the induced protein glycation) and then neuropathic and cardiovascular

problems. The main complications are:

* Diabetic Neuropathy: the damage of the nerve is assessed to the reduction of the
glucose in sorbitol, which can not be metabolized by many tissues such as ocular
and nerves. This anomalous amount of sorbitol causes some osmotic damages
and then could be at the basis of the peripheral neuropathy. This results in
affected functionality of the nerves and causes many problems as the loss of
feeling in parts of the body or painful, tingling, burning feeling. Furthermore,
combined with reduced blood flow, neuropathy in the feet increases the chance

of foot ulcers, infection and potentially the need for limb amputation.

¢ Diabetic Retinopathy: long-term accumulated damage to the small blood vessels

in the retina can cause leaking of the fluid from them and cause swelling in the
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macula. Swelling and fluid can cause blurry vision, making hard to see and if
retinopathy gets worse, it may lead to blindness. The study [Bourne et al., 2013]
has assessed that 2.6% of global blindness can be attributed to diabetes.

* Diabetic Nephropathy: the damage of the kidney is the result of the damage
to its blood vessels that can lead to kidney failure. Some people who have

nephropathy will eventually need dialysis or a kidney transplant.

* Heart disease and stroke: the damage of the macro-vascular system can lead to
coronary heart disease, strokes and peripheral vascular disease. Adults with
diabetes have a two- to three-fold increased risk of heart attacks and strokes

[Sarwar et al., 2010].

Keeping blood sugar levels very close to the ideal can minimize, delay, and in
some cases even prevent the problems that diabetes can cause. However, it is often
difficult, since there are several factors that contribute to hyperglycemia in people
with diabetes, including food and physical activity choices, illness, or not taking
enough glucose-lowering medication.

The short-term complications instead are related to extremely out of range BG. The

two scenarios are:

* Hypoglyecemic Coma: hypoglycemia can happen if diabetic people assume an
excessive dose of insulin or if they perform an unusual intense physical activity
or if they skip a meal. When BG goes down to values of 50 — 70 mg/dl, the
central nervous system becomes more excitable and a further reduction can
bring to convulsions and loss of consciousness. In the extreme case, when
glycemia goes below 20 mg/dl, hypoglycemic coma can occur and cause the

death.

* Hyperglyecemic Coma: extreme hyperglycemia can happen in case of lack of
insulin or illness, trauma or surgery. In this situation, the organism cannot
process glucose. For this reason, a transition from carbohydrates metabolism to
fat metabolism can occur, leading to the so-called diabetic ketoacidosis caused by
the production of toxic acids (known as ketones) in the new metabolism. It can

also occur that, in case of blood sugar level higher than 600 mg/dL (the diabetic
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hyperosmolar syndrome), the excess sugar passes from the blood into the urine,
which triggers a filtering process that draws an extreme amount of fluid from

the body. Left untreated, these situations can lead to the coma.

It is possible to prevent diabetic coma controlling the diabetes status following
the medications and meal plans, checking the blood sugar level frequently and being

prepared in case of emergencies.

1.1.3 Type 1 Diabetes (T1D)

Type 1 diabetes, previously known as insulin-dependent, juvenile or childhood-
onset, is characterized by deficient insulin production by the pancreas and requires
daily administration of insulin. Only approximately 5% of people with diabetes
are T1 diabetic. The cause of type 1 diabetes is not completely known and it is not
preventable with current knowledge. In most people with type 1 diabetes, the body’s
immune system attacks and destroys the cells in the pancreas that make insulin. T1D
typically occurs in children and young adults, although it can appear at any age.
There is not a cure for this disease, the only therapy consists of exogenous injections
of insulin. Insulin has to be delivered to the organism whenever the patients have
a meal to compensate for the lack of the endogenous one and to allow the correct
management of the blood glucose. The quantity is delivered according to tables
designed by the physician and refined using the patient’s history and experience.
In addition to this kind of administration, called meal bolus or fast-acting, the T1D-
patients have to assume also the so-called long-acting, background or basal insulin.
It gives the insulin needed for the organism, whether the occurrence of a meal or
not, and it should keep the blood glucose stable overnight and between meals. The
common way to deliver the insulin to the body is the use of needle and syringe, of

the insulin pen or the insulin pump.
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Figure 1.2: Insulin delivery methods most commonly used

1.1.4 Type 2 Diabetes (T2D)

Type 2 diabetes, called non-insulin-dependent, or adult-onset, results from the body’s
ineffective use of insulin. It can be due either to the resistance of the organism to the
insulin or to the not enough production of it to maintain a normal glucose level.
Type 2 diabetes comprises the majority of people with diabetes and is largely the
result of excess body weight, physical inactivity and certain health problems such
as high blood pressure. Type 2 diabetes is caused by several factors, including over-
weight and obesity, not being physically active, insulin resistance and genetic. The
management of T2D includes diabetes medicines, as pills or as insulin injections, and
blood glucose testing. It may be necessary to take medicines for high blood pressure,
high cholesterol or other conditions. The treatment of T2D includes also the control
of the diet, a correct physical exercise that helps the body use insulin and lower the
blood sugar level, the maintaining of a healthy weight that helps insulin work better

in your body, lower the blood pressure and decrease the risk for heart disease.
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Figure 1.3: Insulin delivery methods most commonly used

1.2 Monitoring of Blood Glucose level

Monitoring blood glucose is fundamental in order to keep the glucose concentra-
tion within the euglycemic range 70 — 180 mg/dl and then minimize the risk related
to long and short term complications. In fact for diabetic people, most of the type
1 diabetes, it is fundamental to check the BG levels every time they have a meal or

when they go to sleep or whenever they have physical activity and so more.

1.2.1 Self Monitoring of Blood Glucose level (SMBG)

The common and traditional method to read the glucose level is the Self Monitoring
of Blood Glucose (SMBG) system, available from the seventies. The measurement
consists of inserting in the device a reagent test-strip, in which a small sample of
blood kept in the finger with a lancet is applied. Then the device determines the
glucose concentration using different technologies, even if most systems measure an
electrical characteristic proportional to the amount of glucose in the blood sample.
These devices have a low error on the measures (5%<CV<10%) and they are easy
to manage. The limits of this type of BG monitoring are the number of samples

that a person can take from the finger in a day (7-8 maximum) and the fact that the
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treatment decisions would be based only on a single number obtained with a SMBG.

Figure 1.4: Self Monitoring of Blood Glucose device

1.2.2 Continuous Glucose Monitoring system

Another way to assess the BG levels is the Continuous glucose monitoring (CGM)
system, first appeared in 1999. CGM automatically tracks blood glucose levels every
1/3/5 minutes throughout the day and night for several days, allowing the diabetic
people to check the BG level anytime and control its trend.

The CGM systems are composed by a sensor, a transmitter and a receiver. The sensor
is applied on the patient skin, typically in the zone of the abdomen or in the arm,
and it measures an electrical current proportional to the interstitial fluid glucose
concentration. Then the transmitter, with a wireless connection, sends the information
to a receiver device. Hence a sensor calibration procedure, that involves also some
SMBG entries, processes the signal comes from the interstitial fluid to convert it into
the actual CGM signal, that is the blood glucose concentration. The receiver device
stores, processes, visualizes the information; some CGMs can also send information

directly to a smartphone or tablet.

Figure 1.5: Continuous Glucose Monitoring device
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The system also gives reviews on how the glucose changes over a few hours or
days to see trends, it generates glucose direction and rate of change. Controlling
glucose levels in real-time can help diabetic people make more informed decisions
throughout the day about how to balance the meal, the physical activity and the
medicines. CGM can contribute to better diabetes management by helping the pa-
tients minimize the guesswork that comes with making treatment decisions based
solely on a number from a blood glucose meter reading.

Furthermore, many CGM systems have additional features that work with informa-

tion from the glucose readings:

¢ An alarm can sound when the glucose level goes too low or too high, exceeding

the normal range thresholds;

e Itis possible to record the meals, the physical activity and the medicines in the

CGM device, to have a complete vision of the patient’s situation;

¢ The data can be downloaded in a computer or smart device to more easily see

the glucose trends and to keep track of the history of the BG trends.

All the functionalities of the CGM devices allow diabetic people to be more in-

formed on the real-time and long-term BG situation, achieving better management of
the glucose levels and so to have fewer low blood glucose emergencies. In addition,
also fewer finger sticks are necessary during the day.
Basing on studies [Castle and Jacobs, 2016],[Aleppo et al., 2017], [Facchinetti, 2016]
that have demonstrated the safety and the validity of the use of the CGM systems
without confirmatory SMBG fingersticks (the so-called nonadjunctive use), the ap-
proval of this use to make treatment decisions has given to many CGM sensors, as the
FreeStyle Navigator 11, the FreeStyle Libre, the Dexcom G5 Mobile and the Dexcom
Gé6.

On the other hand, glucose monitoring technologies have aroused the devel-
opment of several applications such as predictive alerts, automatic basal insulin
attenuation methods for hypoglycemia prevention, and artificial pancreas. The Ar-
tificial Pancreas Device System is a system of devices that closely mimics the glucose

regulating function of a healthy pancreas.
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Figure 1.6: Artificial pancreas device system

In 2016, the U.S. Food and Drug Administration approved a type of artificial
pancreas system called a hybrid closed-loop system. This system checks the glucose
level every 5 minutes by the continuous glucose monitor device, and automatically
computes and gives the right amount of basal insulin through a separate insulin
pump. In this way, the system not only monitors glucose levels in the patient but also
automatically adjusts the delivery of insulin to reduce high blood glucose levels and
minimize the incidence of low blood glucose, with little or no input from the patient.
To compute the correct action and dose of insulin, the fundamental role is given to a
control algorithm software embedded in an external processor (the controller) that re-
ceives information from the CGM and performs a series of mathematical calculations.
Based on these calculations, the controller sends dosing instructions to the infusion
pump. The control algorithm can be run on any number of devices including an

insulin pump, computer or cellular phone.
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1.3 Glucoselevels and events prediction based on CGM

data

In the open-loop context, the availability of real-time frequent CGM acquisitions
give the possibility of predicting glucose concentration from its only past history, as
proven in [Bremer and Gough, 1999], [Sparacino et al., 2007], [Reifman et al., 2007].
The short-term prediction of the future glucose levels (ahead in time of 20-30 minutes)
could be a fundamental part of the control algorithm that regulates the insulin dose.
In fact, knowing what would be the future BG level, will allow the user to take some
countermeasures to avoid dangerous situations. For example, in system in which
the CGM sensor is coupled with an insulin pump, the prediction of an upcoming
hypoglycemic event could lead to the suspension of the insulin delivery to avoid, or
at least to mitigate, the duration of that event [Gillis et al., 2007], [Bruttomesso et al.,
2009], [Kropff et al., 2015].

A CGM-insulin pump system already available in the market that implements a
control based also on the 30 minutes ahead in time glucose prediction is the MiniMed
640G from Medtronic [Zhong et al., 2016]. The controller suspends the delivery of
basal insulin if in the 30 minutes predicted windows the BG would go under the
hypoglycemic threshold. This kind of approach, that uses Kalman-Filter to make the
glucose level prediction, is demonstrated to be safe and effective in the prevention of
hypoglycemia, even if there is the possibility of the increase of the hyperglycemia
[Buckingham et al., 2010], [Buckingham et al., 2013], [Choudhary et al., 2016].
Furthermore, another application of the BG prediction that does not include necessar-
ily the use of an insulin pump is the generation of alarms 20-30 minutes before that
an hypo/hyperglycemic event is predicted. In this way, the patient could himself
takes some actions to avoid the predicted situation, basing also on his experience
and personal knowledge of how his organism reacts.

Hypoglycemia management is the most limiting factor for T1D people, particularly
during the night period or other periods when the individual is engaged in activities
that take their focus away from glucose monitoring. Nocturnal hypoglycemia has

been associated with increased morbidity and prolonged hypoglycemic episodes
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(two to four hours) often precedes seizure activity in people with T1D. If extremely
severe, the nocturnal hypoglycemic events have been associated with the sudden
dead-in bed syndrome [Hsieh and Twigg, 2014], [Graveling and Frier, 2017]. On the
other hand, the resultant fear of hypoglycemia may lead to treatment noncompliance,
that can cause major long-term complications.

The algorithms developed and proposed in literature about these tasks are many.
The following are aimed to predicting the BG concentration every time a new CGM

sample is available:

¢ Polynomial or auto-regressive models (AR) of order 1 with recursive identifica-

tion [Sparacino et al., 2007];
¢ AR models with higher order [Gani et al., 2009];
* Auto-Regressive moving average (ARMA) [Eren-Oruklu et al., 2009];

* Auto-regressive integrated moving average (ARIMA) with adaptative orders

[Yang et al., 2018];

¢ Algorithms based on non-linear techniques as Artificial Neural Networks
(ANNSs), kernel-based methods, support vector machine and regression (SVM
and SVR) [Pérez-Gandia et al., 2010], [Bertachi et al., 2018],[Georga et al., 2013],
[Georga et al., 2015].

While the following are specifically focused on the prediction of the hypoglycemic

events:

¢ Kalman Filter to predict glucose values under the threshold 70 mg/dl [Palerm
and Bequette, 2007];

¢ (Classification and Regression trees (CART) [Miyeon et al., 2017];

¢ Ensemble method that includes many different algorithms to make the predic-

tion [Dassau et al., 2010];

¢ Linear discriminant function (LDA) combined with features selection to per-

form long-term prediction[Jensen et al., 2019];
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Support Vector Regression [Georga et al., 2013];

Artificial Neural Network and Recurrent-NN [Bertachi et al., 2018], [Doike et al.,
2018];

Data Mining technique [Eljil et al., 2013];

Different ML algorithms as SVM, Random Forest, K-nearest neighbor and
Logistic Regression [Seo et al., 2019], [Gadaleta et al., 2019]

These studies suggest that hypoglycemia can be predicted to enable people with
diabetes to take preventive actions, such as adjusting basal insulin, and then it is
possible to investigate the long-term prediction of the nocturnal hypoglycemia.
Several of these algorithms included in the features set information coming from other
sources in addition to the CGM data. In fact, taking advantage of meal information,
insulin dosing and physical activity information improve the performance in the
glucose level prediction and on the hypoglycemic prediction [Zecchin et al., 2016],
[Wilson et al., 2015].

Unfortunately in the CGM devices this functionally is not implemented yet, due to
the lack of comparing studies on the performances of different developed algorithms
on the same dataset. Some proof-of-concept studies have already been proposed to
compare the functionality of several prediction algorithms as cited previously, but
proof of the benefits that could be achieved on real data from prediction methods

that aim to prevent/mitigate hypoglycemia are still unaccounted but necessary.
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1.4 Aim of the thesis work

A prediction of a nocturnal hypoglycemia in the evening, before bedtime, would
allow diabetic patients to adjust long-term glucose-affecting factors, as for example
basal insulin. Even if nocturnal hypoglycemic episodes are simpler because in general
meals are not consumed, insulin is not administered, and physical activity is absent,
in reality they may occur at any time of the night and the prediction horizon thus

varies, which makes the prediction difficult.
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Figure 1.7: Example of a hypo alarm

The aim of this thesis work is investigating the possibility of forecast nocturnal
hypoglycemic events using only the CGM data of the previous day, in order to
understand if the glucose concentration information alone could be predictive of the
nocturnal hypoglycemia. The algorithms chosen to solve this task are taken from
the machine-learning framework, that in presence of sufficient samples-size should
be suitable to learn patterns in the data and thus to solve the problem. The main

advanteges of developing such an algorithm are:

¢ the possibility of implementing this method on all diabetic people who use the
CGM system, despite being under multiple daily insulin

¢ the simplicity of the prediction setting, that makes the approach more easily
generalizable than more complex methodologies exploiting also meal and

insulin data, which are unlikely available in real-time.
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On the other hand, this task is made difficult to solve by the following factors:

¢ the impossibility of taking advance of other fundamental information in the

awareness of the patient situation as the meal or insulin information;

¢ the complexity of the hypoglycemia occurrence and the inter-person variability

of the factors that caused it;

¢ the relatively short period of CGM acquisition to learn the task that is limited
to the day before the night in which make the prediction only, that may not be

enough to understand the hypoglycemia occurs.

In the next chapters the datasets used for the work, the features and the methods cho-
sen to make the prediction are described. Finally, the results and further approaches

are illustrated, together with a discussion on the work outcomes.






CHAPTER 2

Datasets and Pre-Processing

This chapter introduces the datasets chosen for the analysis and the methodologies
used to processing the data to make them suitable to perform the task. The pre-processing

procedures are implemented with the software Matlab R2018a.

2.1 Description of the Datasets

2.1.1 ReplaceBG Dataset

This dataset derives from the ReplaceBG study [Aleppo et al., 2017] . This study is
about a randomized trial performed to determine whether the use of the Continuous
Glucose Monitoring (CGM) without confirmatory blood glucose monitoring (BGM)
measurements is as safe and effective as using CGM adjunctive to BGM in well-
controlled T1D adult subjects. The randomized clinical trial was conducted in 14
sites belonging to the T1D Exchange Clinic Network in the U.S., the patients had a
minimum age of 18 years, they had T1D for 1-year minimum and they were treated
with insulin pump for at least 3 months. The ratio of the CGM-only and CGM+BGM
groups is 2:1 and both used a Dexcom G4 Platinum CGM System to measures glucose
concentrations. The final number of participants is 224: 148 in the CGM-only group
and 76 in the CGM+BGM group. For the purpose of this work that is not focused on

17
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this distinction, patients are considered equal and then treated in the same manner.
The trial lasted 26-week, that means about six months of acquisition. In Table 2.1 the

principal outcomes of the study are reported.

CGM results CGM-only (n=148) | CGM+BGM (n=76)
Hours of CGM data 4007 (3709-4166) 4021 (3725-4136)
% Time in target (70-180 mg/dl) 63+13 65+11

Mean Glucose 162+23 158420
Hypoglycemia

%Time < 70mg/dl 3.0 (1.6-5.1) 3.7 (1.9-4.9)
%Time < 60mg/dl 1.3 (0.5-2.4) 1.6 (0.6-2.2)
%Time < 50mg/dl 0.3 (0.1-0.6) 0.4 (0.2-0.5)
%Days with >20 consecutive 28 (13-42) 32 (16-46)
min-glucose val < 60mg/dl

Table 2.1: Outcomes of the trial, data are median (interquartile range) or mean+SD

2.1.2 Real Dataset

This dataset includes 6-months of CGM records of 25 T1D patients and it includes
also the information about the assumption of alcohol and carbohydrates, the physical

activity and the insulin dosing. The dataset has been recorded for a study that is not

published.

2.2 CGM data preprocessing

Because failures and irregularities are present during data acquisition, the first
necessary step is to align the samples in a fixed grid to create an homogeneous dataset
and to compute all the necessary features accurately. The grid contains an acquisition
every 5 minutes. The samples are assigned to the point of the grid nearest to their
times of acquisition and if a sample is missing the value NaN is placed. In this way,

an equally-spaced dataset is obtained.
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2.3 Creation of the day and night CGM vectors

Data have been divided in samples of 24 hours each. Sample values are labelled as
"day" or as "night". "Night" is defined as the period from 23:00 to 6:55 that are 8 hours
(96 samples), so the day is from 7:00 to 22:55 that are 16 hours (192 samples). A "day"
of data is kept only if there is a corresponding "night" of data. Values are then saved
in separate vectors, one vector corresponding to "day" data and one corresponding

to "night" data for each sample.

2.4 Definition of the hypoglycemic event and creation

of the label vector

To implement a supervised machine-learning method, each sample of the dataset
has to contain the features needed to train the algorithm and the label. In this task the
label of a sample is the information about the presence of the nocturnal hypoglycemic
event or the absence of it in the "night" vector. Therefore to assign the label to each
sample, it is necessary to define the occurrence of an hypoglycemic event. There are

many possible definitions of a nocturnal hypoglycemic event:

¢ the presence of at least one CGM value under the hypoglycemic-threshold
during the night period;

¢ the presence of at least p CGM values under hypoglycemic-threshold during

the night period, not necessarily consecutive;
¢ the presence of at least p consecutive CGM values under hypoglycemic-threshold.

Among these options, the widely accepted definition of nocturnal hypoglycemia
is the presence of at least 3 consecutive samples (corresponding to 15 minutes) under
the hypoglycemic-threshold, fixed to be 70 mg/dl.

For the creation of the label vectors, not all the samples can be used. First of all, a
selection based on the number of missing values present in the day and night vectors

is made. The scenarios can be:
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CGM CGM

one sample p samples " p consecutive samples

70

Figure 2.1: Representation of the possible definitions of an hypoglecymic event, hypo —

threshold = 70 mg /dl

¢ the "day" vector has less than 6 consecutive NaN values and also the "night"

vector = the sample is valid

¢ the "day" vector has less than 6 consecutive NaN values, the "night" vector has
more than 6 consecutive NaN values but the hypoglycemic event is however

present = the sample is valid

¢ the "day" vector has less than 6 consecutive NaN values, the "night" vector has
more than 6 consecutive NaN values and the hypoglycemic event is not present

= the sample is not valid

¢ the "day" vector has more than 6 consecutive NaN values = the sample is

not valid

The choice of the number of consecutive NaN acquisitions equal to 6 is made
because they correspond to at least 30 minutes of no information about the CGM trend
and so, in the case of a "day" vector, it is not possible to have a correct description
of that samples (Figure 2.2). If the "night" vector has more than 6 consecutive NaN
values, but the hypoglycemic event is present, it is possible to keep the sample
because the information that the NaN values would give is not necessary to label the
sample; instead if there is not the event, it could be that it would be in the period of
no acquisition, so the sample has to be discarded. For the NaN values in the kept
vectors, a linear interpolation is performed, avoiding possible negative values and
interpolating the possible NaN in the extremities keeping the successive or previous
value in case of NaN in beginning or at the end of the vector. The interpolation is
made both in the "day" vector, to have a better computation of the features later,

and in the "night" vector only if the hypoglycemic event has not been found yet, to
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understand if it could be in the period of no acquisition.
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Figure 2.2: CGM curve of a sample to discard that have more than 6 consecutive NaN

The second selection is made to avoid the case in which the nocturnal hypo-
glycemic event actually has been started in the "day" period, and so it is not correct to
classify it as a nocturnal hypoglycemic event. Furthermore, if the hypoglycemia has
been started when the patient was awake, he may have taken some countermeasures

and then the classification could be distorted. Therefore the cases could be:

¢ the patient has at least one CGM record under the hypoglycemic-threshold of
70 mg/dl in the half an hour preceding the night (22:30-22:55 period);

¢ the patient has an hypoglycemic event in the first hour of night (23:00-23:30
period) and has at least a CGM value under 80 mg/dl in the half an hour
preceding the night.

If a sample satisfies one of these conditions it has to be removed from the dataset. In

Figure 2.3 there are two examples of the cases explained above.
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Figure 2.3: CGM curves of two samples discarded for the first and second condition

After all the checks, the valid samples are stored, including the "day" vector, the
"night" vector, the label. Some examples of CGM curve are presented above. In figure
2.4 a curve of a whole day of a not hypoglycemic sample and in figure 2.5 the curve

of a whole day of an hypoglycemic sample are shown.
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Figure 2.4: CGM curve of a not hypoglycemic sample
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Figure 2.5: CGM curve of an hypoglycemic sample

In the end, it is possible to compute the total number of samples and the pro-
portion of the two classes for the two datasets analyzed. In Table 2.2 are shown the
number of total samples, hypo and not-hypo samples for the two datasets and in

figure 2.6 there are the pie-charts of the classes proportion.

ReplaceBG dataset | real dataset
Number of patients 224 25
Number of total samples 25386 2044
Number of Hypoglycemic samples 4394 414
Proportion of the Hypoglycemic class 17.30% 20.74%

Table 2.2: Composition of the two datasets

Furthermore, the hours in which the hypoglycemic events occur are stored, to
evaluate if they are equally distributed during the night or if there exist some period
in which they are more frequent. From the plot of the histogram of the number of
events that occur for all the hours of the night it is possible to conclude that for the
ReplaceBG dataset there is not a period of night with the majority of the events but
they are homogeneously distributed during all the night period, except for a larger
number of events in the hours 0:00 and 1:00. In the Real dataset, there are more events

in the period from the 0:00 to 1:00 and less in the final period of the night.(Figure 2.7).
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m Hypo-samples m No-Hypo-samples = Hypo-samples ® No-Hypo-samples

Figure 2.6: Pie-charts of the classes proportion of the ReplaceBG dataset on the left and of
the Real dataset on the right

Figure 2.7: Histograms of the counts of the events in each night hour, ReplaceBG and Real

dataset

2.5 Definition of the features set

To determine what features of the CGM trace are the most appropriate to be used
for the prediction of the nocturnal hypoglycemic events, a bibliographic research

is conducted. Because most of the studies aim to predict hypoglycemic events in
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the short-term, some features used are the last value before the prediction horizon,
the derivative of the CGM curve in the period preceding the time of the prediction
[Miyeon et al., 2017], [Choleau et al., 2002], the CGM data of a window preceding
the time of prediction and other indices obtained from the CGM data [Palerm and
Bequette, 2007], [Seo et al., 2019],[Gadaleta et al., 2019], features obtained from phys-
iological models [Bertachi et al., 2018]. Other features that can correlate with the
hypoglycemia and so potentially used for this kind of task are the Glycemic Variability
(GV) indices. These indices are measures of the trend and evolution of the glycemia;
they are demonstrated to be correlated with the glycemic control and in particular
with the hypoglycemia and hyperglycemia [Kovatchev et al., 2000a],[Kilpatrick et al.,
2007], [Rodbard, 2009], [El-Laboudi et al., 2016]. In some studies they are used as
features for tasks similar to the prediction of the nocturnal hypoglycemic events,
therefore they can represent a way to assess the variability of the CGM signal and
allow using this information to predict the events [Cox et al., 2007], [Chandran et al.,
2018], [Rodbard, 2012]. Furthermore, a selection of specific GV indices can be more
predictive of the hypoglycemia, so 17 indices are chosen for the specific task [Saisho
et al., 2014], [Fabris et al., 2014]. These indices are computed using the whole day
CGM signal and are defined as:

Mean (MEAN;.): mean value of the CGM records of the total day period;

e Standard Deviation (SD;qt): standard deviation of the CGM records of the total

day period;

* Coefficient of Variation (CVi,): this index is the coefficient of variation of the

CGM records of the total day period;
* Median (MEDIAN;je): median of the CGM records of the total day period;

* Interquartile Range (IQR¢.¢): interquartile range of the CGM records of the total

day period, defined as the difference between the third and first quartiles;

* Range (RANGE;y): range of the CGM records of the total day period, defined

as the mean of the maximum and minimum records of the period;
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Blood Glucose below target (BGpejoy): percentage of records of the total day period
that are under the hypoglycemic-threshold of 70 mg/dl;

Blood Glucose in target (BGj,): percentage of records of the total day period that
are in the euglycemic interval 70 — 180 mg/dl;

Mean Amplitude of Glycemic Excursion-ascendant (M AGE_ ): this index is defined
as the mean amplitude of the excursion of two CGM records that differ more

than the SD of the total day, with the first CGM value lower than the second;

Mean Amplitude of Glycemic Excursion-descendant (M AGE_): this index is defined
as the mean amplitude of the excursion of two CGM records that differ more
than the SD of the total day, with the first CGM value higher than the second.
With the index MAGE (, they are indicators of glycemic instability [Service
et al., 1970];

Excursion Frequency (EF): number of total excursion between two samples that

is wider than 75 mg/dl in the total day period;

Low Blood Glucose Index (LBGI) and High Blood Glucose Index (HBGI): these
indices are defined as glycemic control indices that take into consideration
the non-symmetry of the range of glycemic values that a person can have
[Kovatchev et al., 2000b]. This asymmetry results in different health-risks of
glycemic values distant the same quantity from the lower euglycemic-threshold
and from the higher euglycemic-threshold. For examples if a person has a
value of glycemia equal to 40 mg/dl, that is 30 mg /dl under the eu-threshold, is
clearly more in danger in that moment with respect to one that has a value equal
to 210 mg/dl, that is the same quantity 30 mg/dl but above the eu-threshold.
For handling this problem in the evaluation of the glycemic variability, a trans-
formation on the glycemic range 20 — 600mg/dl is made in order to make it

symmetric.
f(BG,a,B) = In(BG)" —

with « and B defined to respect some characteristic in the transformation.

Then a risk function is defined on this transformation to evaluate the possible
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danger of a glycemic value (Figure 2.8).

r(BG) = 10+ f(BG)?
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Figure 2.8: Risk function in the transformed and original glycemic range

The two indices are not-negative, the LBGI is the index that considers the risk
of glycemic values under 112.5 mg/dl, that is the zero of the transformed range,
instead the HBGI considers the risk of glycemic values above 112.5 mg/dl, so
values higher than zero in the transformed range. The LBGI increases when
the number and/or the values in the hypoglycemic zone of the range increase
and vice versa the HBGI increases when the number and/or the values in the
hyperglycemic zone of the range increase.

These indices are known to be predictive of the adverse events that can happen

to the diabetic patients and they are used as control quantity.

* Hypoglycemia and Hyperglycemia index (HY PO;,3, HY PER;;,4): these two indices
are very flexible because they contain parameters that can be varied to weight
more some events with respect to other [Rodbard, 2009]. Furthermore, also
the euglycemic-thresholds can be modified to be more restrictive or more
tolerant on the glycemic range. In this task they are kept as the standard values

70 — 180 mg/dl.
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* Glycemic Risk Assessment Diabetes Equations (%o GRADEj o, %0 GRADEjy,.,): these
two indices are based on a risk function of the glycemic values too [Hill et al.,
2007]. To derive the function, different risk-weights are assigned by 50 dia-
betes professionals to possible values of glycemia. Then this function is used to

compute the two indices that assess the risk of a glycemic profile.

The first six metrics, the MEAN, SD,CV, MEDIAN, IQR and RANGE are computed
also for the CGM records of the periods of the 3 hours and one hour preceding the
night period, so for the time intervals from 20:00 to 22:55 and from 22:00 to 22:55.

In the end, in addition to all these features, other five metrics are considered:

* Mean of the two half an hour preceding the night (MEAN-HALF-1, MEAN-HALF-2):
the means of the CGM records of the half an hour from 22:00 to 22:25 and of
the half an hour from 22:30 to 22:55;

¢ Derivative (DER): the slope of the straight line obtained interpolating the last
four CGM records preceding the night;

o Last CGM value (LAST-DAY-VALUE): the last day CGM value, i.e the CGM value
at 22:55;

* Flag on the previous label (FLAG-PREV-LABEL): a 0-1 flag on the presence of the
hypoglycemic event in the previous night, if the information is not available

the value assigned to this feature is 0.5.

In Table 2.3 a summary of all the features used with their definitions is reported.
After the creation of the effective dataset to use, the choice of the appropriate method-

ologies to solve the task is made, as will be reported in chapter 3.
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Feature Definition Feature Definition
Number Number
1 Mot = 5 ¥ CGM,; 18 MEAN;
2 SDtot = \/ ZI(CGI\,M—W 19 SD;
3 CVipt = 2202t 20 CVs
4 MEDIAN;; = CGM (N#1) 21 MEDIAN;
5 IQRtot = Q3 — Q1 22 IQR3
6 RANGE; = E&Mumax CeMui 23 RANGE;
7 BGpelow = P#(CGM < 70) 24 MEAN;
8 BG;, 2 #(70 < CGM < 100) 25 SD;
9 MAGE, — B A(CGMSD) 26 vy
10 MAGE. = Xt ACOM.SD) 27 MEDIAN;
11 EF = #A~75mg/d1 28 IQR,
12 LBGI = LilCeMi 1 — 22 74 £(CGM;)? 29 RANGE;
if f(CGM;) < 0and 0 otherwise
13 | HBGI = EinlCCMi 0o 74 f(CGM,)2 | 30 MEAN-HALF-1
if f(CGM;) < 0and 0 otherwise
F(CGM;) = In(CGM;)*%+ — 5381
14 HY POy ey = ZiztNIO_COMi)" 31 MEAN-HALF-2
15 HYPER ey = Zi=tNCEMiZ180)1 32 DER
a=11,b=2,c=d =30
16 GRADE};, = 100  E/e (CEM=T0) 33 | LAST-CGM-VALUE
17 GRADEjy ey = 100 5 Z/8GICHM180) 34 | FLAG-PREV-LABEL

Table 2.3: Feature set used for each of the two datasets






CHAPTER 3

Methodologies for the hypoglycemic-events prediction

In this chapter, all the methodologies implemented to solve the task of the nocturnal-
hypoglycemic events prediction are presented. Five algorithms have been included in
our analysis: Logistic Regression, Logistic Regression with L2 and L1 regularization, Support
Vector Machine, Gradient Boosted Decision Trees. All of them have been implemented
using Python as programming language, using the Scikit — learn library for the first four
algorithms and the XGBoost (Extreme Gradient Boosting) library for the last. The first
three algorithms, Logistic Regression without, with L2 and with L1 regularization, are
generalized linear models; the Support Vector Machine algorithm is implemented with
a non-linear kernel function; the Gradient Boosted Decision Trees is a model form of an

ensemble of weak prediction models, the decision trees.

3.1 Logistic Regression

Logistic Regression is a statistical method used to model the probability of a
certain class or event existing using some predictor variables. The predictor variables
Xj, j =1, ...,d with d the number of variables, are supposed to be relevant to predict
the outcome; the outcome y of the method is a dichotomous variable ( i.e. the label),
so it contains data coded as 1 (True, hypoglycemic sample) or -1 (False, not hypoglycemic
sample). Instead of directly modeling the outcome, the method models the logit

transformation of the probability p of the event y = 1. The logit transformation is

31
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called log 0dds(Y), that is the logarithm of the ratio (odds) of the probability p of the
event y = 1 on the probability (1 — p) of the event y = —1. Hence the logistic model

solves:

. . . p o
logit(p) = log odds(Y) = ln(1 - P> = (W, Xx)
where w are the estimated model coefficients of the predictor variables.
Therefore the hypothesis class is the composition of a sigmoid function ¢s;e : R —

[0, 1], the logistic function, over the class of linear function L;. The logistic function

is defined as ¢4 (z) = Hl? , it’s an S-shaped curve that can take any real-valued

number and map it into a value between 0 and 1, but never exactly at those limits

(Figure 3.1). The hypothesis class is :

Hsig = @Psig © Ly={xw ¢sig(<wr X)) W € IRd}

Figure 3.1: Representation of the logistic function

It is interesting to notice that when the internal product (w, x) is very large the
result of the application of the sigmoid function is close to 1, whereas if (w,x) is
very small then the result is close to 0. In these cases, whenever |[(w, x)| is large,
the prediction is very similar to the one of the hal fspace hypothesis; instead when
|(w, x)| is close to 0, then ¢s;o ({W, x)) =~ 1. This means that in this case, the logistic
hypothesis is not sure about the value of the label, so it guesses that the label is the
sign of |(w, x)| with probability slightly larger than 50%. In contrast, the halfspace
hypothesis always outputs a deterministic prediction of either 1 or -1, even if | (w, x)|

is very close to 0.
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Besides, because of the output of the model is a probability, a key aspect in Logistic
Regression is set the probability-threshold for determining in which class assign the
samples. A standard choice is a threshold equal to 0.5 but for different type of data, a
different choice could explain better the class distribution. A way to set an optimal
probability-threshold is analyzing the Receiver Operating Characteristic curve, that plot
some trade-off metrics at the variation of the probability-threshold and allow finding

the best point that gives good results in both metrics.

To define the loss function, it is important to take in consideration that one would
like that the probability of predicting 1 (that is /i (x)) would be large if the label is 1
and that the probability of predicting -1 (that is 1 — hw(x)) would be large if the label
is -1. So considering as loss function:

. 1
1 + ey (w.x)

[(hw(x,y))
it is clear that if the label is 1 then the loss would be the probability of the label
-1 (1 — hw(x)), that one would have small, and vice versa for the case of label -1.
Hence the loss function has to increase monotonically with HeylW’ that is equivalent
to increase monotonically with 1+ e ¥™"X. A good modification of this loss to
have a better formulation is the application of the logarithm (that is a monotonic
function), that gives a convex loss function with respect to w. In this way the Empirical
Risk Minimization (ERM) problem associated to the Logistic Regression, that is the

minimization of the empirical risk (the cost function) on some training set S =

((x1,¥1), - (Xm, Ym)) , can be solved efficiently with different standard method.

1 m
ERM problem : W = aremin | — ¥ log(1 + e~ Vilwxi)
P fele <m ; 8( )>

In the Python-Scikit Learn implementation of the Logistic Regression, it is possible
to add a regularization term but in this first implementation no regularization is
added to the cost function to minimize. The library includes different possible solvers
for the cost function minimization and the chosen is the Newton-CG. This solver is

analogous to the gradient descent iterative algorithm, but in the approximation of the
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cost function at each step it implements the quadratic approximation using both the

tirst and second partial derivative of the function.

Logistic Regression has been chosen because of its hypothesis of use, in fact the
predictor variables chosen are supposed to be relevant for the prediction of the
nocturnal-hypoglycemic events. Furthermore, the relationship between them is pos-
sibly linear and the Logistic Regression is a good starting point to approach the task.
The presence of some multicollinearity in the predictor features is not a problem
for the training of the algorithm, in this case the number of samples is large and
permits to compensate this multicollinearity. However, it is proper to not consider
the amplitudes of the coefficients of each predictor as a measure of the importance of

it in the prediction.

3.2 Logistic Regression with L2-regularization

In the implementation of the Logistic Regression using a regularization term,
there are different choices of possible regularize-function to minimize jointly with
the cost function. The L2-regularization is made by adding a term that penalizes the
complexity of the predictor, to avoid the over-fitting on the training process. In the
cost function to minimize, to solve the so-called Regularized Loss Minimization (RLM)

problem, it is added the I, norm of the parameters vector w:

m
RLM problem : W = arg min (% Y log(1+ e Vilwxi)y 4 A||w||2>
i=1

weR4

where A > 0 is a scalar hyper-parameter that controls the weight of the regularization
term on the minimization and does not depend on data. The logic under the choice
of this regularization function is that the algorithm balances between low empirical
risk on the training set, that can lead to over-fitting, and "less-complexity" of the
predictor.

To tune the hyper-parameter A, in the Scikit-Learn library of Python there is an
implementation of the Cross-Validation (CV) Grid Search, called LogisticRegressionCV.



§3.3 — Logistic Regression with L1-regularization 35

In this way it possible to try a grid of different regularization hyper-parameters, set
a number K of CV-folds, define the score to minimize and, chosen the solver and
the type of regularization, get the best value of A for the model. Specifically in this
Python-implementation, the parameter of the regularization is the inverse of the
regularization-strength, that is the parameter C = % Lower values of C indicate
stronger regularization and bigger value indicate lower regularization.

It is important to notice that the CV is implemented dividing the training samples
in K different folds that keep the percentage of samples for each class, that is the
stratified K-folds Cross Validation.

The solver chosen is the Newton-CG also in this case, that is the same but with the

addition of the regularization term in the cost function.

3.3 Logistic Regression with L1-regularization

The regularization with the L1-norm of the model parameters vector w is another
possible way to improve the performance of the Logistic Regressor. The new RLM

problem is:

1

m
RLM problem : W = arg min log(1 + e ¥ilWXi)y 1 Allw
p rgmin (. 3 log( )+ Miwli )

This type of regularization induces "sparse" solutions, that is W with some com-
ponents equal to zero. If a predictor variable x; would have w; = 0, it means that
this characteristic is not descriptive of the data, equivalently that the feature is not
enough correlated with the labels vector y. Also in this case, the algorithm has been
implemented using the LogisticRegressionCV to find the optimal value of the param-
eter C = } that controls the trade-off between model-complexity and capacity of
explaining training data.

To find the solution of the minimization problem another solver is used, the LibLinear.

This solver allows the use of the L1-regularization (Newton-CG does not); it uses a
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coordinate descent algorithm that means that at each iteration it minimize along one

coordinate direction keeping the other fixed, following some coordinate selection rule.

3.4 Support Vector Machine

The Support Vector Machine (SVM) classifier is a learner of linear predictors in
high dimensional feature spaces that employs hyperplanes to make the classification
of the samples. This kind of models is defined halfspaces. The objective of SVM is
tinding the hyperplane that allows distinguishing the classes and that maximizes
the separation (i.e. the margin) between them. The margin of a hyperplane with
respect to a training set is defined as the minimal distance between a point and the
hyperplane. Therefore from all the possible separation- hyperplane, the chosen is the
one that maximizes the distance from it to the nearest data points on each side. The
nearest data points are called support vectors (the circled data points in Figure 3.2)
and they are used for the margin maximization. The idea under this approach is that
the maximization of the margin distance provides some reinforcement so that future

data points can be classified with more confidence.

Figure 3.2: Representation of the separation-hyperplane and of the support vectors (d = 2)

The problem to solve is often not linearly separable and so a "soft" implementation
of this concept is chosen. The idea is that the hyperplane to find has to separate the

classes, so in the cost function, a constraint on the correctness of the classification is
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present to force all example data to be in the correct side of the space (i.e. beyond the
margin of its class). But, considering the relaxation on the linearly separability of the
classes, some errors in the classification are tolerated, then some data points in the
training set could violate the constraint (Figure 3.3). This concept can be implemented
giving a constraint of being inside the space defined by the margin of its class fixed by
the hyperplane, but with some measure of error given by the so-called slack variables

€;.

Figure 3.3: Representation of the hard and soft approach

To avoid that this relaxation leads to completely not correct classification, in the
cost function a term that controls the amplitude of these errors is added as the mean
of the slack variables. The trade-off between the correctness of the classification in
term of maximization of the margin and the possible violation of the constraint is con-
trolled by the hyper-parameter C > 0 in the cost function. Given as input the training

set (X1, Y1),...,(Xm, Ym), the final soft-SVM problem is define as finding (w, b) that solve:

Yy

(Iwlz+C= )
min wilp + C— €;
b PTm s (3.4.1)

st. Vi, yi((w,x;) +b) >1—¢€;ande; >0

Furthermore, the SVM algorithm allows handling the cases of sets (the majority
indeed) that are not linearly separable in the original feature space, using the so-called
kernel trick. This implementation enriches the expressive power of the halfspaces
without explicitly handling a mapping ® of the data into a high dimensional feature
space that would raise the computational complexity. The embedding of the data

into other dimensional feature spaces, mostly of a higher dimension, would make the
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halfspaces capable of dividing the classes in that space (Figure 3.4) but it also would

make the computation heavy and requiring of many samples to learn the halfspaces.
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Figure 3.4: Representation of the non linearly separability and of the feature mapping

The kernel is a function that represents an inner product in the feature space and
can be seen as a specifying similarity between instance vectors, realized as an inner
product in the feature space that one would have obtained with a mapping of the
data. The main advantage of the use of the kernels is that many learning algorithms
for halfspaces can be implemented with just the computation of the values of the
kernel function over pairs of domain points, as in the SVM. In this way, it is possible
to implement linear separators in high dimensional feature spaces without having to
specify points in that space or expressing the feature map explicitly.

The dual form of the problem to solve that specifies the use of the kernel is:
min (aTQa — eToc>
“ (3.4.2)
st. Vi, 0<wa; <Cand yT(x =0

where e is a vector of ones, Q is a nxn positive semidefinite matrix such that
Qij = yiy;K(xi, xj) and K(xi,%j) = ¢(x;)¢(x;) is the kernel function.

The choice of the kernel function is in some way an expression of some prior in-
formation about the problem that allows making the classification even if in the
original space was not possible. There are several possible kernel function but the

most common are the polynomial and the radial basis function.
polynomial kernel of degreed : K(x;,xj) = (1 + fy(xi,x]->)d

radial basis function kernel (rbf) : K(xj,xj) = e~ 7IPxi=xll”
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To choose the best one for a problem, the grid search with CV is always a good way to
test different combinations of kernel functions and also hyper-parameters. The hyper-
parameter C is the one that regulates the trade-off between the correct classification
of training examples and maximization of the decision function’s margin, as seen
before, and it is common to all the possible implementations. Higher values of C tend
to lead a correct classification of all the training samples accepting smaller margin,
a lower C penalize the model complexity giving a simpler decision function and
accepting larger margin.
The kernel-specif hyper-parameters are d and < in the polynomial case and only 7y
in the rbf case. The d hyper-parameter is the degree of the polynomial kernel and
controls the dimension of the correspondent feature space in which the data would
be mapped. Higher values of d allow the discrimination of the classes in case of very
non-linearity, giving enough flexibility to the decision function to separate the classes
and also keeping a sizeable margin.
The hyper-parameter 7 is a measure of the influence of a single training instance, it
can be seen as the inverse of the radius of influence of samples selected by the model
as support vectors. Lower values of y mean that the support vectors can influence
very far data until the region of influence of any selected support vector would
include the whole training set. In this way, the model cannot capture the complexity
or “shape” of the data because it would have a smooth decision boundary, make it
similar to a linear model. Instead, with higher and higher values of <, the locality of
the support vector influence increases until the radius of the area of influence of the
support vectors only includes the support vector itself. This would lead to greater
curvature of the decision boundary, that can make the model overfits the training
data. If the value of v is not too extreme, the choice of both the hyper-parameters
is important because one can compensate for the effect of the other. For example,
smooth models given by lower y values can be made more complex by increasing
the importance of classifying each point correctly, i.e. with larger C values.

The SVM algorithm has been chosen for its versatility given by the possibility of
using different kernel functions and of tuning many hyper-parameters in order to

find the best one for the type of data.
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3.5 Gradient Boosted Decision Trees

The Gradient Boosted Decision Trees algorithm is an ensemble model that consists
of a set of classification and regression trees (CARTs). CARTs are decision trees
that classify the instances into different leaves (the classes) giving also a score on
the corresponding leaves. In this way a richer interpretation of the classification
is possible, providing a unified approach to the optimization. The power of the
ensemble model, which sums the prediction scores of multiple trees together to get
the final score, is clearly higher respect the use of a single decision tree. The final

prediction of a sample i is:

K
i = Z fk(Xi),fk eF
k=1

where K is the number of decision trees, f is a function in the functional space F, that
is the set of all the possible decision CARTs. The objective function to minimize to
identify the model is composed of two trade-off terms, one required to fit well the
training data and one for the regularization that penalizes model complexity to avoid

the overfitting:

n t
obj =Y I(yi, yi) + Y R(£;)
i=1 1

=

The functions f;, each containing the structure of the tree and the leaves scores, have
to be estimated; the problem is that it is almost impossible learning all the trees at
once. Instead, an additive strategy is adopted, fixing what has been already learnt
and adding another tree at time. At each step, the tree to add in the model is the
one that optimizes the objective function. Therefore, the updating of the model uses
a gradient descent approach and hence the name, gradient boosting. In this way the

identification problem becomes feasible and, at each step ¢, it is possible to write the
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prediction value y; in function of the previous ones:

7Y = f10x) = 7Y + f1(x)
ﬁi(z) = f1(x;) + f2(x;) = ?i(l) + f2(x;)

7 =Y fi(x) = 7,7 + £i(x)
k=1

Therefore the objective function at step t becomes:

t n

objt) Zl v, 7 + Y R(f) =) _I( vi, iV + £(x;)) + R(£) + constant
i=1 i=1

Then the Taylor expansion of the loss function up to the second order is taken to get

the final form:
n

. 1
obj') = Y [gife(xi) + hife® (xi)] + R(f)
i=1
where g; is the partial derivative with respect of y(t_l)

1
yftil) and h; is the second order partial derivative with respect of yftil) of the

(t=1)

loss computed with y;

of the loss computed with

. In this form the objective depends only on h; and g;
to support any loss function, even personalized. The one chosen for this kind of
classification problem is the logistic regression for binary classification that gives in
output probability values.

The tree can be formulated in this form:

fi(x) = Wy, w € RT, q: R? — {1,2,.., T}

q(x)”

with w a vector of scores on leaves, q is the function that assigns data points to the
corresponding leaves and T is the number of leaves. With this definition it is possible
to set the regularization function R in term of the complexity of the model, including
the number of leaves T and the norm of the vector w (I norm in this case) in the
formulation:

1 T
R(f) = 9T+ 5A Z% wj’
=
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Finally, after another re-formulation and using the quadratic norm in the regulariza-

tion function, the objective function at step t becomes:

T
objt) = Y~ [ijj + 1(H]- + A)wﬂ +9T

= 2
with G; = ey, 8i, Hj = Yiey hi and I; = {ilq(xj) = j} that is the set of indices of
data points assigned to the j-th leaf. In this way the objective is in a quadratic form,
the weight vectors w; are independent and so, given the tree-structure q(x), the

solution Wj is:

Wit = — G
) H it A
G?
that gives the best reduction in the objective function: obj* = —1 Z]'T:1 Ti)‘ +9T.

With this formula it is possible to evaluate the goodness of a tree, so ideally all the
possible trees would be evaluated and then the best one in term of objective function
would be chosen, but in practice this is not feasible. The procedure implemented is
to consider one level of tree at time, split each leaf in two, evaluate the score gain
and decide if it is sufficient to keep the division and so to add the branch (this is the
so-called pruning technique). This approach works well most of the time and allows
this model to be scalable, accurate, flexible and implementable in parallel.

The number of estimators in the model is a parameter that is tuned by a CV-xgb
function, given the other hyper-parameters. The hyper-parameters to tune chosen

are many:

* learning rate: at each boost step shrinks the feature weights to make the boosting

process more conservative;

* max-depth: maximum depth of a tree, increasing the value will make the model

more complex and more likely to overfit;

* min-child-weight: minimum sum of instance weight needed in a child, the higher

the more conservative is the model;

¢ gamma: minimum loss reduction required to make a further partition on a leaf

node of the tree, make the algorithm conservative;
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* subsample: subsample ratio of the training instances randomly kept at each

boosting iteration, values lower than 1 can prevent overfitting;
* colsample-by-tree: subsample ratio of columns when constructing each tree;

¢ reg-lambda: L2-regularization term on weights, increasing this value will make

model more conservative.

The Gradient Boosted Decision Trees model has been chosen for the capacity of
dealing with many types of data, even if they does not present regularity, for its
flexibility in the tuning of many different parameters, for the parallel processing that

speeds up the computation.

The chosen algorithms have many implementative properties to define based on
the task to solve. Furthermore, different approaches could have been tried to try to
solve the problem of the prediction of the nocturnal hypoglycemic events. In chapter
4 all the procedures for model-parameters estimation are reported, according to the

approaches chosen.






CHAPTER 4

Procedures for model-parameters estimation

In this chapter, the procedures used for the model-parameters estimation are de-
scribed, pointing out the techniques and the strategies adopted for the task of the
prediction of the nocturnal-hypoglycemic events. In particular, two different approaches
have been tried, with different procedures implemented. The first approach consists in
the population analysis, in which all the patients are treated together as a single patient
and the models are identified with all the data to find the population models. In the second
approach instead the patients are treated separately for the individual analysis. So, for
each of them ,different models are identified using only the data of the specific patient.
In the end, the metrics useful to determine the quality of the methods implemented are

defined, according to the type of problem.

4.1 General implementative choices

The implementative choices reported in this section are common to both the

population and individual analysis.

41.1 Data Standardization

The data matrix X, containing the values of the 34 features for each sample, is

normalized to have each feature with zero mean and unitary standard deviation. The

45
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features are normalized independently from the others; each sample is standardized
removing in all the features values the corresponding mean and dividing by the
corresponding standard deviation. If x;; is the value of the feature j in the sample i,

the normalization would be:
Xij — Hj
j

Zij =

This pre-processing is necessary in many machine-learning algorithms, as in the L2-L1
Regularized Logistic Regression, where the assumption is that all features are centred
around zero and have variance in the same order. If a feature has a variance that is
orders of magnitude larger than others, it might dominate the objective function and

make the estimator unable to learn from other features correctly as expected.

4.1.2 Hyper-parameters tuning

In the models that need the tuning of some hyper-parameters, the Grid Search-
Cross Validation has been used when it was possible. For the XGBoost implementation
of the Gradient Boosted Decision Trees model this approach was not possible because
of computational reason, so a manual tuning of the hyper-parameters was used.

In the finding of the optimal hyper-parameters, the metric to evaluate the perfor-

mance chosen is the F1-score because of its informative power in this kind of task.

4.1.3 Class-weights

In all the models implemented, the weights on the classes have been added in
the cost function to optimize. It means that each sample has a different weight in
the cost function, based on its label class, to make more relevant the errors on the
hypoglycemic samples, that is the minority class and that is also the most important
to predict. The hypoglycemic samples have a weight equal to the proportion of
the not hypoglycemic class and vice versa. This is a possibility to try to handle the

unbalancing of the two classes.
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4.2 Implementative choices specific of the population
analysis

In this analysis, all the patients of a dataset are used together to find the population
models, for the ReplaceBG and the Real dataset data separately. The samples are
randomly dived in a training set and in a test set with a division 50-50%, keeping the
original proportion of the classes in each of them. The training set is used for the
identification of the models and the test set for the evaluation of their performances.
The pairwise pearson correlation of the features and the labels vector are plotted
using the corr function in Python, to see if there exist some strong correlation. In the
graph, the yellow and dark blue colors represent strong correlation between two
characteristics, respectively positive and negative correlation. All the color tones
between these two indicate different degree of weak correlation while the color dark
green indicates no correlation at all.

Unfortunately, observing the graphs (Figure 4.1), it does not seem that the labels
vector is highly correlated with some features, only some of them present a little

evident negative correlation.
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Figure 4.1: Correlation Matrices, ReplaceBG dataset on the left and Real dataset on the right
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4.2.1 Regularized Logistic Regression

For the L2 and L1-regularized Logistic Regression, a grid of possible C regular-
ization parameters is tried in the Grid Search-Cross Validation, using the training
samples. In the first attempts, a wider but less dense grid of values is used, to find
in which zone of values searching the hyper-parameters and then use a tighter but
denser parameters-grid. In this way it is possible to find the optimal hyper-parameter
C in term of fl1-score, using a 10-folds cross-validation to evaluate the performance of
each parameter tried.

The final values of the regularization parameter C are in Table 4.1.

C-regularization parameter | L2-reg | L1-reg
ReplaceBG dataset 1.63 2.60
Real dataset 1.33 1.50

Table 4.1: Values of the C- regularization hyper-parameter in the different implementation of

the regularized logistic regression for the two datasets

The different implementations of the Logistic Regression give different parameter
estimation w. In Figure 4.2 it is possible to see the coefficient of each feature in
the three implementations. It is possible to notice the lowering of the coefficients
amplitudes in the L2-regularization and the expected shrinking of the coefficients in

the L1-regularization.
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Figure 4.2: Coefficient amplitude of the estimated parameters in the different implementation

of the LR algorithm, ReplaceBG and Real dataset

4.2.2 Choice of Logistic models using the Receiver Operating Char-
acteristic (ROC) Curves

For the Logistic Regression models, it is possible to plot the ROC curves in func-
tion of the probability-threshold applied to make the classification in hypoglycemic
and not hypoglycemic samples. In the standard ROC curve the two metrics computed
at the variation of the threshold are the False Positive Rate (FPR) and the True Positive
Rate (TPR).

Fp TP

FPR= ——— TPR

IR L R —"
FP+ TN TP+EN

The aim of plotting this curve is finding the best probability-threshold, that is the
one that allows obtaining good results in both the metrics. So the point to look for
is in the left-upper part of the curve, further from the bisector (that is the "random"
classifier).

For this kind of task, with an imbalanced data-set and in which the false-positive er-
ror is more tolerable than the false-negative one, it is useful also to consider the curve
of the precision and the recall obtained at the variation of the probability threshold.
With a lower probability threshold, the recall will increase and the precision will

decrease and vice versa with a higher one. The goal of the analysis of this curve is to
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find an optimal threshold that gives a compromise in the trade-off of the two metrics.
From the analysis of the first curve, it is possible to set the optimal probability-
threshold via visual inspection, the second curve does not allow to understand the
optimal threshold, due to the shape of it. Unfortunately, the setting of the threshold
via visual inspection does not improve the result metrics and so, to keep the model
not human-dependent and more generalizable, the default threshold of 0.5 is kept

for all the analysis.

True Positive Rate

Figure 4.3: ROC and PrecisionVSRecall curves of the Logistic Regressor, ReplaceBG dataset
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Figure 4.4: ROC and PrecisionVSRecall curves of the Logistic Regressor, Real dataset



§4.2 — Implementative choices specitic of the population analysis 51

4.2.3 Support Vector Machine

In the implementation of the SVM algorithm, the first choice to do is the kernel
function. The Grid Search-Cross Validation approach has been implemented with a
10-folds CV on the training set data, in order to find the optimal choice between the
linear kernel, the 3-rd degree polynomial kernel and the radial basis function kernel. The
optimal one is the radial basis function kernel, both for the RepalceBG and for the Real
datasets. Then the same procedure applied for the Regularized-Logistic Regression
is used to find the optimal values of the hyper-parameter C and <. The final values

found are in Table 4.2.

C g
ReplaceBG dataset | 990.10 | 0.001
Real dataset 21.70 | 0.001

Table 4.2: Values of the hyper-parameters C and vy for the two datasets

4.2.4 Gradient Boosted Decision Trees

In this model, the tuning of the hyper-parameters is a fundamental aspect to ob-
tain good results on the specific problem. To find the optimal set of hyper-parameters
a step-by-step procedure is adopted, starting with a fixed higher learning-rate and
finding the optimal number of trees with the xgb — CV function. After the tuning
continues with the tree-specific ones and then with the regularization parameters. In
the end, lower values of learning-rate are tried, increasing the number of trees.

The first two tree-specific hyper-parameters are the max-depth and the min-child-weight
then the parameter gamma and finally the subsample and the colsample-bytree. The reg-
ularization tried is the L2 and so the hyper-parameter investigated is the reg-lambda.

The final hyper-parameters are in Table 4.3.
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ReplaceBG dataset | Real dataset
learning-rate 0.1 0.1
number of trees 50 20
max-depth 2 1
min-child-weight 1 1
gamma 0.1 0
subsample 0.5 0.9
colsample-bytree 0.3 0.7
reg-lambda 1 1

Table 4.3: Values of the hyper-parameters for the two datasets

4.3 Implementative choices specific of the individual

analysis

In the analysis of the patient-specific models, instead of considering all the sam-
ples together to find the population models, the data of each patient are used in a
separate way. The total number of different datasets are 249 but, to train the models,
a minimum-threshold of 10 hypoglycemic samples in the patient-dataset is fixed, to
allow the algorithms having enough examples of the minority class. For this reason,
only 181 patients are kept. The dataset of each patient is divided in a training set and
in the test set of samples with proportions 2/3 and 1/3.

4.3.1 Analysis of all the patient-specific models

In the first part, the models are trained using the same hyper-parameter grids for
the grid search-CV in the Regularized Logistic Regression, in the SVM and in the
Gradient Boosted Decision Trees. The results are analyzed in term of mean and stan-
dard deviation of the four metrics, observing also the boxplots containing the results

of each patient model, considering each metric and each algorithm implemented.
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4.3.2 Analysis of specific patient-specific models

Considering the analysis of one patient at time, it is possible to optimize some

aspects of the algorithms:
* make a statistical selection of the features, based on their predictive power;

¢ set the optimal probability-threshold by the observation of the ROC curves and of

the PrecisionVSRecall curves for the Logistic Regressors;

¢ search the optimal hyper-parameters for all the algorithms with a specif grid-

search.

Statistical Features Selection

To assess if a feature is useful in the prediction of the nocturnal-hypoglycemic
events, a statistical analysis is performed. This analysis is based on the likelilood
metric of a logistic-model to compute the deviance of that model, that is a measure
of lack of data-fit power. To find the contribution of a predictor on the full model, a
way is to subtract the deviance of the model trained with only that predictor to the
so-called null-model. The null-model is the model trained without any features but

only with the intercept.

null model likelihood
" test model likelihood

Dnull — Diest = —2I

with
likelihood = Prob(y|X, w)

It can be shown that the deviance follows a x?(k) distribution with k degree of free-
dom equal to the difference of the number of estimated parameters of the model to
test and the null one (that is the number of features used to train the tested model). If
the deviance of the test model is significantly smaller than the one of the null model
it is possible to conclude that the tested predictors improve the model fit.

Therefore to test some null hypothesis Hyp : wy = 0 that a feature k (or a set of features)
is not predictive, the difference of the deviance is computed and a level of significance
« is fixed (in this case a = 0.05). If the null-hypothesis is true the deviance-difference

would be smaller than the value of a )(Z(ptest — Puun) at the level of significance «
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tixed. If this is not verified, it is possible to reject the null hypothesis and conclude
that the predictor tested are improving the model-fit performance.

Hence, in the patient-specif analysis, it is possible to apply this feature selection
because the samples are not so many as in the population model, where all the
features result relevant for this reason. Therefore, before estimate the model parame-

ters, only the predictors that are shown to be relevant are kept for the successive steps.

Analysis of the ROC and PrecisionVSRecall curves

Whit this procedure it is possible to set an optimal threshold for the classification,
observing the plot of the metrics at the variation of the probability-threshold in
the Logistic Regression algorithms. The curve chosen to make the choice is the
PrecisionVSRecall curve, that allow evaluating the trade-off between the precision and

the recall, that is the most relevant for this kind of task.

Hyper-parameters tuning

Controlling the tuning of the hyper-parameters for one patient at time, the grid to
test is specific for the dataset analyzed and so it is possible to find the optimal set of

hyper-parameters.
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4.4 Metrics used for the assessment of the results

To evaluate the goodness of a model in solving the task of the hypoglycemic-
events prediction, in addition to the computation of the confusion matrices, four
metrics are chosen: accuracy, precision, recall, F1-score.

The metrics are defined finding the total number of these four types of events that

can happen considering the classification of one sample:

* a true positive event (TP) is defined as the case in which the sample has the posi-
tive label (is an hypoglycemic sample in this task) and it is correctly classified

as positive by the model;

* a true negative event (ITN) is defined as the case in which the sample has the
negative label (is not an hypoglycemic sample) and it is correctly classified as

negative by the model;

* a false positive event (FP) is defined as the case in which the sample has the

negative label and it is not correctly classified as positive by the model;

* a false negative event (FN) is defined as the case in which the sample has the

positive label and it is not correctly classified as negative by the model.
Therefore, the metrics are defined as:

® Accuracy: is the total number of correctly-classified samples on the total number

of samples;
TP+ TN

= TP Y TN+ FP+EN

* Precision: is the total number of correctly-classified positive samples on the total

number of samples classified as positive;

TP

Prec = TP Fp

® Recall: is the total number of correctly-classified positive samples on the total

number of positive samples;

TP

"= TPLEN
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® FI-score: is the harmonic mean of the precision and of the recall metrics;

. precision x recall 2TP

F1=2 =
precision +recall ~ 2TP + FN + FP

In this kind of prediction task, with an unbalanced dataset and with the minority
class that is dangerous not to predict, the most useful metric is the F1-score. In fact, in
the accuracy metric, the weight of the true negative events could hide the bad perfor-
mance in the prediction of the positive samples, that are in a smaller number and
more important to predict. Instead, in the F1-score, the number of the true negative
samples are not present, making its value more informative of the goodness of the
model performance.

The precision and the recall metrics are possible in trade-off, because the fact that if
the model is not able to predict the positive samples and so it has bad performance in
term of recall (i.e. there is a large number of FN), it is possible that the model would
not predict anything and so the precision would be near to the maximum value one
(i.e. there would be a low number of FP) and vice-versa. However, the recall is more
important in this kind of task, because of the fact that the FN events, that are the not
predictions of the hypoglycemic events, are more dangerous than the FP ones, that
are the predictions of false hypoglycemic events.

Finally, the confusion matrices are the count of the total number of the four different

events that happen in the classification of the samples.

Classified Positive | Classified Negative
Positive P FN
Negative FP TN

Table 4.4: Confusion Matrix

Defined all these implementation aspects of the methodologies for the different
approaches tested, the algorithms identified are tested. The found results are reported

in chapter 5.



CHAPTER 5

Results

In this chapter, the results of the identified models for the population and for the
individual analysis are presented, trying to understand the capabilities and the limits of

the implemented methodologies.

5.1 Results of the population models

After the identification of the population models, the results on the test set of
the ensemble dataset are found. The algorithms were tested both in terms of metrics
described previously and in terms of confusion matrices. Then an analysis on some
borderline-samples, that result in classification-errors, is carried out in order to better

understand the capability of the algorithms, considering the type of task.

5.1.1 Result Metrics

The five different algorithms implemented give similar results. In term of F1-
score, that is the most informative one in this task, the Logistic Regressors and the
XGB-Decision Trees algorithm give slightly better results compared with the SVM
algorithm in the ReplaceBG dataset; in the Real dataset instead, the XGB-Decision

Trees one is the best.
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It is important to notice that the different implementations of the Logistic Regres-
sion give the same results, suggesting that the regularization is not improving the
performances. This can be due to the fact that the Logistic Regressor is not learning
the problem and that there is not any kind of over-fitting in the training part for
what regards the L2 regularization; for the L1, probably because the algorithm is not
learning how the data works, there are not benefits from shrinking the features and

the results are similar to the ones without the regularization.

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.66 0.28 0.61 0.39
L2-Reg Logistic Regression 0.66 0.28 0.61 0.38
L1-Reg Logistic Regression 0.66 0.28 0.61 0.38
SVM 0.67 0.29 0.62 0.24
XGB-Decision Trees 0.72 0.32 0.54 0.40

Table 5.1: Results on test data of the five identified population models, ReplaceBG dataset

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.66 0.31 0.52 0.39
L2-Reg Logistic Regression 0.67 0.32 0.54 0.40
L1-Reg Logistic Regression 0.67 0.33 0.56 0.41
SVM 0.67 0.32 0.56 0.28
XGB-Decision Trees 0.64 0.32 0.65 0.43

Table 5.2: Results on test data of the five identified population models, Real dataset

Furthermore, the populations models are applied on each patient test set, to
test their performance separately. The results presented are the ones of the logistic
regression as examples; the ones of the other are similar and are shown in the Appendix
A to not burdening the presentation.

In the boxplot graph, the red line represents the median of all the result metrics

obtained in the application of the population models on each patient datasets while
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the limits of the box are the first and third quartiles of the distribution of the result
metrics. The whiskers extend from the box to show the range of the data (the values
that limit the extreme values of samples on both side of the distribution) and flier

points are those past the end of the whiskers.
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Figure 5.1: Boxplots of the result metrics of the LR population models on each patient

datasets, ReplaceBG and Real datasets

To confirm the fact that the training is not working, also the results on the training
set of the ensemble dataset are presented, that are the samples on which the models
are identified. These results, particularly for the Fl-score, are not much better than
the ones on the test set, suggesting that the problem is not the over-fitting of the
train data. Probably the problem is that the algorithms are not capable of solving
the task; another possibility is that there are not enough samples to understand the
problem, even if the numerosity is not very bad. Try new methodologies is the way to
understand if the task can be solved and to confirm the inadequacy of the algorithms

tried so far.
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Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.66 0.29 0.64 0.40
L2-Reg Logistic Regression 0.66 0.29 0.64 0.40
L1-Reg Logistic Regression 0.66 0.29 0.64 0.40
SVM 0.68 0.30 0.66 0.42
XGB-Decision Trees 0.73 0.33 0.57 0.42

Table 5.3: Results on train data of the five identified population models, ReplaceBG dataset

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.69 0.36 0.66 0.47
L2-Reg Logistic Regression 0.70 0.37 0.65 0.47
L1-Reg Logistic Regression 0.69 0.37 0.65 0.47
SVM 0.70 0.38 0.67 0.49
XGB-Decision Trees 0.65 0.34 0.75 0.47

Table 5.4: Results on train data of the five identified population models, Real dataset
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5.1.2 Confusion Matrices

As examples of confusion matrices obtained with the Logistic Regressors, the ones
obtained without regularization are shown together with the ones obtained with the
SVM algorithm. The first rows contain the True Positive and theFalse negative samples,
the second rows contain the False Positive and True Negative samples. As expected
from the result metrics, there are a lot of errors in the classification, indicating that

the models have not learned the problem.

Classified Positive | Classified Negative
Positive 1348 849
Negative 3454 7042

Table 5.5: Confusion Matrix obtained using the Log Reg algorithm, ReplaceBG dataset

Classified Positive | Classified Negative
Positive 1347 850
Negative 3411 7085

Table 5.6: Confusion Matrix obtained using the SVM algorithm, ReplaceBG dataset

Classified Positive | Classified Negative
Positive 111 101
Negative 245 565

Table 5.7: Confusion Matrix obtained using the Log Reg algorithm, Real dataset

Classified Positive | Classified Negative
Positive 118 94
Negative 247 563

Table 5.8: Confusion Matrix obtained using the SVM algorithm, Real dataset
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5.1.3 Identification of possible borderline cases

Regarding this classification problem, it is clear that the gravity of an error can
vary from a situation to another. For example, if the algorithm does not classify
as hypoglycemic a night in which the patient had a very long period under the
hypoglycemic-threshold and maybe also with very low values of glycemia, the error
would be important and clearly dangerous. Instead, if the algorithm classifies a
sample as hypoglycemic and the patient did not have an event as defined but maybe
he had low glycemia for a certain time, the error would not be so relevant and the
alarm to the patient would be however useful.

To consider this fact, an analysis of the so-called “borderline-samples” of the test set
is made to be more tolerant on errors that are not so dangerous. The first type of
borderline-samples is the ones related to a false positive error, where the algorithm has
classified a sample as hypoglycemic and it was not. The condition to consider a false
positive error as a borderline is the fact that the nocturnal CGM profile contains at
least three consecutive points under a more conservative threshold, that is 80 mg/dl
instead of 70 mg/dl. In this way, an error of this type is not considered and the sample
is removed from the computation of the results, because of its ambiguity.

The second type of borderline-samples are the ones related to a false negative error,
where the algorithm has classified a sample as not glycemic and it was, that could
be very dangerous for the patient. The condition to consider a false negative error
as a borderline is that the nocturnal profile of the sample contains only the three
consecutive points under the threshold that make it a glycemic sample, and so that
there is not any other CGM value under 70 mg/dl. If this happens the error is not
considered and the sample is removed from the computation of the results.

In the end, the final results are the ones that do not consider both these borderline-
samples and they are reported above. There are some improvements in all the result
metrics, suggesting that maybe the problem of the prediction of the nocturnal hypo-
glycemia is much more complex than a simple binary-classification task. In order
to be more useful, the models have to include also some kind of information on the
severity of the hypoglycemia predicted; maybe that can be realized using other types
of prediction and other parameters to predict, for example, a GV index like the LBGI.
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In this way the patient could have a more realistic view of what it could happen in
the night and, basing on his experience and on his way of menage these problems, he

could decide if take some provision, which kind of provision and in which measure.
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Figure 5.2: CGM night curves of a FP and FN borderline samples
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Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.70 0.33 0.63 0.43
L2-Reg Logistic Regression 0.70 0.32 0.63 0.43
L1-Reg Logistic Regression 0.70 0.33 0.63 0.43
SVM 0.71 0.33 0.64 0.44
XGB-Decision Trees 0.76 0.37 0.56 0.45

Table 5.9: Results of the five population models with the borderline-samples correction,

ReplaceBG dataset
Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.70 0.36 0.53 0.43
L2-Reg Logistic Regression 0.70 0.37 0.55 0.44
L1-Reg Logistic Regression 0.70 0.37 0.57 0.45
SVM 0.70 0.37 0.57 0.45
XGB-Decision Trees 0.68 0.35 0.60 0.45

Table 5.10: Results of the five population models with the borderline-samples correction,

Real dataset

5.2 Results of the patient-specific models

In the case of personalized-models for each patient, the analysis of the results is

composed of a general part and of a patient-specific one.

5.2.1 Result of all the patient-specific models

The mean metrics of the patient-specific models and the boxplots of the result
metrics of each patients for all the algorithms are presented above. The boxplot graph
are analogous to the one presented above for the population model. The mean results
are similar to the metrics resulted from the population models. The model that in
mean has better result in term of F1-score is the L1-Regularized Logistic Regression,
that has also the best Recall result. The XGB-Decision Tree has not a good result since

it needs a personalized tuning of the hyper-parameters that cannot be achieved via
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CV.
ALGORITHM Accuracy | Precision Recall F1-Score
Logistic Regression 0.66 £0.11 | 0.27 +£0.18 | 0.35£0.21 | 0.30 £0.17
L2-Reg Logistic Regression | 0.66 +0.09 | 0.27 £0.15 | 0.42 £0.20 | 0.32 +:0.15
L1-Reg Logistic Regression | 0.59 +-0.10 | 0.27 £0.14 | 0.50 +0.22 | 0.33 £0.15
SVM 0.63+0.13 | 0.33+0.16 | 0.42£0.26 | 0.31 £0.17
XGB-Decision Trees 0.67£0.11 | 0.27 £0.16 | 0.35+0.22 | 0.29 £0.17

Table 5.11: Results of the patient-specific models on all the patients, mean and SD
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Figure 5.3: Boxplot of the accuracy of all the patient-specific models for the five algorithms
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Figure 5.4: Boxplot of the precision of all the patient-specific models for the five algorithms
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Figure 5.5: Boxplot of the recall of all the patient-specific models for the five algorithms
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Figure 5.6: Boxplot of the FI-score of all the patient-specific models for the five algorithms
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5.2.2 Result of the patient-specific analysis

Considering the analysis of one patient at time, it is possible to optimize some
aspects of the algorithms. Two examples of these procedures are reported, one of a

patient of the ReplaceBG dataset and one of a patient of the Real dataset.

Patient number 19, Real dataset

For this patient, the optimizations improve in some aspect the performance of the
models. The total number of samples is 90, 67 in the training and 23 in the test for a
75-25% division. The percentage of the hypoglycemic class is 24% in the training set
(16 samples) and 22% in the test set (5 samples).

The correlation matrix, analogous to the one presented in the population analysis,
does not show any very correlated feature with the labels vector, even if there is some

feature with correlation different from zero (Figure 5.7)
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Figure 5.7: Correlation-Matrix of the features plus the labels vector

The statistical feature selection gives as significant predictive the features: Coeffi-
cient of Variation, fraction of BG samples below target, Mage , Low Blood Glucose Index,
Hypo Index .
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As example of ROC curves analysis on training data, the one of the Logistic
Regression without regularization is shown (Figure 5.8). The choice of the probabil-
ity threshold is made on the PrecisonVSRecall curve and the optimal point gives a
threshold equal to 0.38, lower than the standard 0.5. In fact, the choice of the optimal
point was made to rise the recall metric for the motivation already discussed, so the
probability-threshold has been lowered. For the choice of the hyper-parameters in the
regularized Logistic Regressors, the selection is made more accurately trying denser
grids of parameters, starting from wider grids and continuing with more and more

restricted ones. The original and the final parameters are shown in the result tables.
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Figure 5.8: ROC and PrecisionVSRecall curve of the Logistic Regression, patient 19 of the
Real dataset

For the Support Vector Machine model, the hyper-parameter selection is made
more accurately as described before for the Logistic Regressors and the parameters
selected are shown in the result tables.

Also for the XGB-Decision Trees, the tuning of the hyper-parameters follow a
step-by-step selection, permitting to obtain a patient-specific choice of them and so

better result. The final hyper-parameters are:
e # estimators=20 (instead of 30)
¢ max-depth=3 (keeping the same)
¢ min-child-weight=1 (keeping the same)

¢ gamma=0 (keeping the same)
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¢ reg-alpha=0 (keeping the same)
¢ subsample=0.9 (instead of 0.6)
* colsample-bytree=0.9 (instead of 0.6)

The results are in Table 5.12, to compare with the one obtained in the previous
analysis without the procedures in Table 5.13. The final results are better than the
original for all the models and for all the metrics, except for the accuracy that is worse
in the L2 and L1-Regularized Logistic Regression.

The largest improvement in the Fl-score is in the L2-Regularized Logistic regression,
from a value of 0.24 to a value of 0.38, that is anyway a bad result. The L2-Regularized
Logistic regression also obtains a value of 1.00 in the recall from a value of 0.40 but
this leads to a worsening in the accuracy from 0.43 to 0.30. In the complex, the best
improvements are the one of the SVM because it obtains a larger values of all the

metrics, without worsening the accuracy.

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.39 0.09 0.20 0.13
L2-Reg Logistic Regression (C=0.30) 0.43 0.17 0.40 0.24
L1-Reg Logistic Regression (C=0.50) 0.48 0.18 0.40 0.25
SVM (C=10, v = 0.01) 0.61 0.17 0.20 0.18
XGB-Decision Trees 0.52 0.12 0.20 0.15

Table 5.12: Original results on test data, patient 19 of the Real dataset

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.43 0.21 0.60 0.32
L2-Reg Logistic Regression (C=0.045) 0.30 0.24 1.00 0.38
L1-Reg Logistic Regression (C=1.72) 0.39 0.20 0.60 0.30
SVM (C=407.4, v = 0.21) 0.67 0.32 0.56 0.28
XGB-Decision Trees 0.52 0.20 0.40 0.27

Table 5.13: Results on test data with the model modifications, patient 19 of the Real dataset
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Patient number 31, ReplaceBG dataset

The patient 31 of the ReplaceBG dataset seems very difficult to predict, in fact the
models obtained bad results even with the procedures tried, because of the small
number of samples and hypoglycemic samples available. The patient has 85 samples,
62 in the training and 23 in the test set. The percentage of hypoglycemic samples
is 13% both in the training (8 samples) and in the test set (3 samples). Clearly, the
number of hypoglycemic samples is very small and make the learning very difficult
for the models. The correlation matrix of the features plus the labels vector highlights
some correlation, in fact in the last row, that is the one of the labels vector, some

squares are a little bit darker (Figure 5.9).
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Figure 5.9: Correlation-Matrix of the features plus the labels vector

As predictable, the statistical feature selection give as significant predictive 10
features: Standard Deviation, Coefficient of Variation, Rangeror , Mage, , Hyper
Index, Meany, Mediany, Mean-Half-1, Mean-Half-2, Derivative .

As example of ROC curves analysis on training data, the one of the Logistic
Regression without regularization is shown (Figure 5.10). The choice of the proba-
bility threshold is made on the PrecisonVSRecall curve and the optimal point gives a
threshold equal to 0.38, lower than the standard 0.5. In fact, the choice of the optimal
point was made to rise the recall metric for the motivation already discussed, so the
probability-threshold has been lowered.

For the choice of the hyper-parameters for all the models the procedure followed
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Figure 5.10: ROC and PrecisionVSRecall curves of the Logistic Regression, patient 31 of the

ReplaceBG dataset

is the same described for the previous patient. The original and the final parameters

are shown in the result tables, except the one of the XGB-Decision Trees that are the

follows:

¢ learning-rate=0.1 (kept the same)

e # estimators=50 (instead of 30)

¢ max-depth=3 (kept the same)

¢ min-child-weight=1 (keeping the same)
¢ gamma=0 (kept the same)

¢ reg-alpha=0 (kept the same)

¢ subsample=0.5 (instead of 0.6)

* colsample-bytree=0.3 (instead of 0.6)
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The results are in Table 5.14, to compare with the one obtained in the previous

analysis without the procedures (Table 5.15). The final results are better than the

original for the L2 and L1-Regularized Logistic Regression, worse for the SVM; only

the accuracy is improved in the Logistic Regression and in the XGB-Decision, Tree

where no true hypoglycemic samples are predicted.

The largest improvement is for L2-Regularized Logistic Regression where 2 out of

3 hypoglycemic events are predicted, but it is clear that with this kind of data is

difficult to learn a stable and informative model.

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.61 0.00 0.00 0.0
L2-Reg Logistic Regression (C=0.02) 0.62 0.00 0.00 0.00
L1-Reg Logistic Regression (C=3.6) 0.61 0.12 0.33 0.18
SVM (C=10, v = 0.01) 0.61 0.12 0.33 0.18
XGB-Decision Trees 0.70 0.00 0.00 0.00

Table 5.14: Original results on test data, patient 31 of the ReplaceBG dataset

Algorithm Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.83 0.00 0.00 0.00
L2-Reg Logistic Regression (C=0.06) 0.52 0.17 0.67 0.27
L1-Reg Logistic Regression (C=4.5) 0.61 0.20 0.67 0.31
SVM (C=839.2, v = 0.021) 0.65 0.00 0.00 0.00
XGB-Decision Trees 0.65 0.00 0.00 0.00

Table 5.15: Results on test data with the model modifications, patient 31 of the ReplaceBG

dataset
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In conclusion, the results obtained in both population and individual analyses
and for both the datasets are not satisfactory. The problem of the prediction of
the nocturnal hypoglycemic events does not seem treatable with the implemented
methodologies and the reasons could be many. However this work is a preliminary
analysis, useful to assess the feasibility and the possibility of this kind of approach.
In the next chapter a further analysis on the predictability of the patients is carried
out, to verify if the problem of the bad results could be tackle considering only some

kind of "predictable" patients.






CHAPTER 6

Patient-predictability analysis

This chapter explains the idea of finding some distinction in the patient that would
allow separating the individuals that could be predicted by the models from those
unpredictable. To make this distinction two different approaches have been developed:
the first performs an analysis of the mean features of each patient, the second makes
a distinction based only on the result obtained with the population models applied in
each patient separately. Furthermore, the results of the analysis are illustrated, with a

consequent discussion on the discrepancy with the expected results.

6.1 Patients-Clustering Idea

The idea of the presence of some clustering in the patients is consequent to the
results obtained in both the population and in the patient-specific analysis. In fact, the
insufficiency of the population models and the variability of the results in the patient-
specific models suggest the fact that maybe some patients are not possible to predict
using only the CGM-data of the previous day. However, analyzing the scatterplots
of the metrics on each patient, some of them have obtained better results and so
maybe are more predictable than others. If the "not-predictable" patients would not
be considered in the model estimations maybe the results would be better on the

"predictable” ones and potentially on the discarded also. All the results above refer
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to the Logistic Regression model because there are no large differences between the
different algorithms and so the simpler and more basic one is chosen; the complete

report is in the section Appendix B.

6.2 Scatterplot-analysis

The first approach tested is the one that starts from the analysis of some result-
feature scatterplots. The scatterplot graph contains a point for each sample, plotted
with respect to the features that represent the samples. In this way;, it is possible
to evaluate if there exists any separation in the sample distribution based on the
values of some features. In this analysis, the aim is to understand if there exist some
characteristics of the patient-datasets that allow distinguishing two types of patients:
the "predictable” one and the "not-predictable” one.

First of all, the 249 patients are divides into a training group and into a test group
of patients, with a division 50-50% that would keep the original distribution of the
frequency of the hypoglycemic events in the patient-datasets. In the training group,
124 patients are used to train the population model MODO; the MODO are then applied
on each patient-dataset separately to find the result metrics and allow to find the
criteria of division of the patients. With the training patients that result predictable,
new models are trained using only their samples (MOD1). The dataset of each test
patient is divided in a training set and in a test set of samples with a division 60-40%;
the training samples are used to apply the criteria of division found with the training
group and the test samples are used to evaluate the performance of the different

models.

To find the criteria of division, the means on all the samples of each training
patient of all the features used for the prediction are computed, together with the
proportion of the hypoglycemic class in each patient-dataset. With these it is possible
to create the scatterplots that contain one point for each training patient, considering
one metric and one mean feature at time. The boxplots are analyzed to find some
thresholds in the mean features using the training set of patients. The thresholds

would allow separating the predictable patients from the not predictable patients
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Figure 6.1: Scheme of the division of the patients in the train and test groups, with the further

division of the samples of the test patients in train and test samples.

also in the test set, without computing the results of the population models (MODO).
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The mean feature chosen for try this separation for the metric accuracy (ACC) is the
Low Blood Glucose Index (LBGI) and the characteristic proportion of the hypoglycemic
class in the dataset (PROP) is chosen for the metric F1-score (the scatterplots on the
left in Figures 6.2,6.3). The criteria of division are then applied to the training samples
of the test patients, to find the predictable and not predictable ones. With the training
samples of the predictable test patient, other new models are trained (MOD?2). With
these samples plus the ones of the training-predictable patients (the ones that have

trained the MOD1), also the MOD3 new models are trained (Figure 6.4).
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Figure 6.4: Scheme of the division of the train and test groups of patients in the predictable
and not predictable ones based on the feature threshold and indication of the new

identified models.

6.2.1 Accuracy-Low Blood Glucose Index analysis

For the LBGI, the threshold is set to —0.50, the patients selected are the ones with
a lower value of mean LBGI w.r.t. the threshold and in the training set they are 18 out
of 124. The samples used for training the new models MOD1 are 2102 out the total
13798. Figure 6.5 is the boxplot that represents the distribution of the mean feature
LBGI of each train patient dataset with respect to the result metric accuracy obtained
with the application of the MODO on each patient dataset. The dotted red line is the
mean feature threshold that divides the predictable patients, the orange dots under

the line, from the not predictable ones, the blu dots above the line.
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Figure 6.5: Scatterplot of the training patients and division of them based on the mean feature

threshold (red dotted line): predictable in orange and not predictable in blue

The result of the population models and of the MOD1 models on all the training-

patients samples and on the training-predictable-patients sample are shown below

(Table 6.1). It is possible to notice that the accuracy is improved both in the application

of the MODO and of the MOD1 on the predictable-train patients but on the contrary,

the performances in term of F1-score are worse than the application of the population

model on all the training samples.

Model Accuracy | Precision | Recall | F1-Score
MODOQ, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.84 0.19 0.44 0.26
MOD1], all train patients 0.54 0.23 0.70 0.35
MODY1, predictable train patients 0.69 0.14 0.73 0.24

Table 6.1: Result of the Logistic Regression model in the different analyses

Then the mean features of the training samples of the test patients are computed,

to apply the threshold on the mean feature LBGI to find the predictable test patients.

The number of selected patients is 20 out 125, the number of training samples is 1425

and of test samples is 950. In Figure 6.6 there is the representation of the selected

predictable patients in the same scatterplot graph used in the previous analysis on the

train patients. The expectation is that the dots that represents the selected predictable
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patients lay under the mean feature threshold (the red dotted line) and on the right
side, in correspondence of high values of accuracy. Actually three of them are above
the threshold but they are all on the right side of the graph, indicating high values of
the result metric.

With the training samples of the selected patients, the models MOD2 and MOD3 are

trained.

ACCURACY (mod0) vs Mean Feature LBGI on test data
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Figure 6.6: Scatterplot of the predictable test patients using MODO results

To have a correct evaluation of the model, the test samples of the test patients
are always used because they are not included in the training of any models. All the
result of the different models analyzed are in Table 6.2 for the result on all the test
samples and in Table 6.3 on only the ones of the predictable patients.

The results show that the performance of the new models MOD1, MOD2, MOD3 are
not better than the one of the population model, except for the recall that is the only
improved. The metric on which the selection was made, the accuracy, is improved in
the results of the selected patients with respect to the ones of the totality of the test
patients but the F1-score that is more informative is lower. To try a better selection

the second analysis is made on the F1-score instead of the accuracy.
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All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.61 0.38
MOD1 0.52 0.22 0.66 0.33
MOD2 0.60 0.24 0.59 0.34
MOD3 0.53 0.22 0.67 0.33

Table 6.2: Result of the Logistic Regression models of the different analyses on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.80 0.17 0.44 0.25
MOD1 0.59 0.11 0.61 0.18
MOD2 0.68 0.12 0.52 0.19
MOD3 0.61 0.11 0.62 0.19

Table 6.3: Result of the Logistic Regression models of the different analyses on the test

samples of the predictable test patients

6.2.2 F1 score-Proportion of hypoglycemic class analysis

In this analysis, the choice of the metric F1 is made to try to improve the perfor-
mances and TO overcome the trade-off between the precision and the recall. For the
characteristic proportion of hypoglycemic class (PROP) the threshold is set to 0.40, the
selected patients are the ones with a higher value of PROP w.r.t. the threshold and
in the training set they are 7. In Figure 6.7 there is the scatterplot graph of the train
patients with the red dotted line that is the mean feature threshold: the orange dots
above the line are the predictable patients while the blue dots under the line are the
not predictable ones.

The samples used for training the new models MOD1 are 614 out of 13798.
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Fl-score vs PROP of the hypo events
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Figure 6.7: Scatterplot of the training patients and division of them based on the mean feature

threshold (red dotted line): predictable in orange and not predictable in blue.

The result of the population models and of the MOD1 models on all the training-
patients samples and on the training-predictable-patients sample are shown below
(Table 6.4). It is possible to notice that the F1-score is improved both in the applica-
tion of the MODO and of the MOD1 on the predictable-train patients only (0.62 and
0.63). Furthermore, the trade-off between the precision and the recall is not present,
especially in the result of the MOD1. The results of MOD1 an all the training samples
are worse than the ones of the population model MODO, probably because 7 patients
are too few to give a complete description of the problem and so to have a good

performance on all the possible situations present in the totality of the training data.

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.54 0.52 0.76 0.62
MOD], all train patients 0.53 0.20 0.55 0.29
MOD]1, predictable train patients 0.63 0.61 0.66 0.63

Table 6.4: Result of the Logistic Regression model in the different analyses
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The number of selected patients in the test group is 5 out of 125. In Figure 6.8
there is the scatterplot representation of the selected test patients that are expected
to lay above the threshold line and on the right. Actually, on the contrary of the
expectation, only one of them is in this side of the graph and the other four are under
the threshold and also in the left side, indicating low values of result metric Fl-score.
The number of training samples is 300 and of test samples is 203. The train samples
are very few and so probably the new models would not be able to describe the
problem. With the training samples of the selected patients, the models MOD2 and
MOD3 are trained.

F1-score (modQ) vs PROP of the hypo events on test data

00 02 04 0.& 0& 10
F1

Figure 6.8: Scatterplot of the predictable test patients using MODO results

All the result of the different models analyzed are in Table 6.5 for the result on all
the test samples and in Table 6.6 on only the ones of the predictable patients.

As it was possible to predict, the results of the F1 score are a little better in the
predictable patients, but unfortunately the ones of the new models MOD1, MOD?2,
MOD3 are worse than the MODO one. This trend is present also in the result of the
totality of test patients, as expected for the fact of the small number of samples that

have trained the new models.
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All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.61 0.38
MOD1 0.53 0.20 0.53 0.29
MOD2 0.68 0.24 0.39 0.30
MOD3 0.63 0.23 0.47 0.30

Table 6.5: Result of the Logistic Regression models of the different analyses on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.50 0.37 0.63 0.47
MOD1 0.55 0.38 0.50 0.43
MOD2 0.56 0.36 0.39 0.38
MOD3 0.55 0.38 0.49 0.42

Table 6.6: Result of the Logistic Regression models of the different analyses on the test

samples of the predictable test patients

In conclusion, these analyses point out that the possibility of some clustering in
the patients based on the characteristic of the patient-dataset has no evidence. The
results obtained with the training of new models with the samples of the selected
patients are not sufficient and the improvement is not always present, especially in
the accuracy-based selection.

In the next paragraph another approach tested is described, based on the results in a

reverse way with respect to this first analysis.
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6.3 Fl-based analysis

The results in Table 6.6 suggest that the selection on the Fl-score could be a
possible way to improve the results. The problem is that the selection based on
the characteristics in the patient-dataset results in too few samples to training new
models. The selection could be made on the F1-score obtained with the population
model applied to each patient directly, that potentially could give a division of the
patients more realistic and powerful. The new approach tried starts with the division
of the ensemble dataset in a training and in a test set with a 50-50% division. With the
training set, the population models MODO are estimated and then they are applied
on each patient-training-dataset separately to find the Fl-score of each patient on
which make the selection. Finally with the training samples of the selected patients
the new models MODI1 are trained and then evaluated with the test samples. The

scheme of the approach is shown in Figure 6.9.

SELECTION ON

TRAIN SAMPLES: MODO TEST SAMPLES THE F1-SCORE
THRESHOLD

PREDICTIBLE PATIENTS: MOD1

50-50%

Figure 6.9: Scheme of the Fl-analysis tested with the division of all the samples in train
and test ones and the selection of the predictable patients based on the F1-score

threshold

For this analysis, all the patients of the two datasets are used together and a grid
of possible F1-threshold is tested for the selection of the predictable patients, from
the value 0.35 to 0.75 with a step of 0.05. In Table 6.7 it is possible to see the number
of selected patients for all the F1-threshold tried.

In Figure 6.10 there is the boxplot graph of the result metric Fl-score obtained with
the application of the MODO on each patient train-dataset. In this graph there is also
the representation of all the patients, plotted with different coloured crosses.

For higher values of F1-threshold, the number of selected patients is very small
and so the new models trained with those samples probably would not have the

possibility of learning the problem completely. After the new models MOD1 are
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Figure 6.10: Boxplot of each patient F1-score obtained with the application of the MODO

F1-threshold | # of patients selected

0.35 132
0.40 106
0.45 76
0.50 55
0.55 30
0.60 13
0.65 9

0.70 4

0.75 1

Table 6.7: Number of selected patients for each F1-threshold tried

trained, their performances are evaluated both on all the test samples and on the
ones of the predictable patients only. In Figure 6.11 the metrics accuracy and F1-score
of the MODO and MOD1 are plotted at the variation of the F1-threshold on the test
samples of the predictable patients.

Accuracy vs F1-threshold in mod0 and in modl F1 vs F1-threshold in mod0 and in mod1
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Figure 6.11: Result metrics for each F1-threshold on the test samples of the selected patients
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With the increase of the F1-threshold, the accuracy of both the models is slightly
increasing at the begging but with higher values, it drops. For the last two thresholds,
there is a sudden increase in both the models, maybe for the fact that the samples
on which the model is tested are very few and it is possible that neither one hy-
poglycemic sample is included. This evolution is probably due to the fact that the
accuracy is good when the samples correctly predicted are not-hypoglycemic, so
selecting the patients that have better performances in the F1-score probably means
that they have better results in the prediction of the hypoglycemic samples and worse
for the not-hypoglycemic samples.

The Fl-score instead has an opposite trend, it slightly decreases in the third and
fourth thresholds in both the MODO0 and MODO, then the MODO starts to increase
and the MODI1 has a fluctuating increasing evolution. This trend is reasonable con-
sidering that the selection is based on the Fl-score so the performance of the MODO
is initially decreasing because there are still many patients to evaluate, and then the
Fl-score increases with higher values of thresholds.

A compromise between the number of selected patients and good F1 and accuracy
performances could be F1 = 0.55, that leads to 29 selected patients with 1561 samples
in the training set and 1529 samples in the test set. The results of the MODO and of
the MOD1 in all the test samples and in the test samples of the predictable patients
are in Table 6.8.

Test samples Accuracy | Precision | Recall | F1-Score
MODQO, all patients 0.71 0.33 0.62 0.44
MODO, predictable patients 0.71 0.30 0.56 0.39
MOD], all patients 0.68 0.29 0.58 0.39
MOD predictable patients 0.72 0.31 0.59 0.41

Table 6.8: Results of the Logistic Regression models in the different analyses, F1-
threshold=0.55
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Unfortunately, on the contrary to the expectations, the Fl-score of the MODO
on all the test samples is better than all the other Fl-scores, that would be better
if the approach would be correct. Besides, the F1-scores of the predictable patients
is practically equal in the MODO and in the MOD1, indicating that the new model
trained with only the samples of the predictable patients does not learn better the
problem as one could think. This means that the clustering of the patients based
on the F1-threshold is not the correct way to find some possible distinction in the
patients.

In the end, both the approaches tried to cluster the patients in predictable and not-
predictable ones have failed. The problem could be the fact that the methodologies
analyzed were not the correct way to find this separation or maybe it is the fact that
there is not any division in the patients, so there is no way to improve the results
with these approaches.

In the next chapter, after a discussion on the results obtained, other possible further
analyses are presented. In fact, from the conclusion of this preliminary work on
the problem of the prediction of the nocturnal hypoglycemic events, many other

approaches can be evaluated to achieve more satisfactory outcomes.



CHAPTER 7/

Conclusion and Further Analyses

All the methodologies and strategies applied to solve the task of the prediction of
the nocturnal hypoglycemic events using the CGM data of the preceding day only have
been analyzed, therefore it is possible to make the conclusions. Finally, possible further

analyses and methodologies that could complete this work are presented.

7.1 Discussion on the result and conclusion

Unfortunately, all the different methodologies applied in the different approaches,
and also with different datasets, have not shown satisfying results. The algorithms
seem not appropriate to predict the nocturnal hypoglycemic events and so to solve

the task. The causes of this conclusion can be many and of different nature:

¢ Features not adequate to predict the hypoglycemic events: it could be that other
features derived by the CGM data of the day can be more informative about

the problem to solve;

¢ The CGM data of the preceding day only are not sufficient to make the pre-
diction: it could be that the information obtained from the preceding day is
not enough to learn how the nocturnal hypoglycemic events are allocated and

when they occur but maybe adding the records of other preceding days could

89
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improve the prediction. It could be also that the CGM data alone cannot solve
the task but maybe with other information of the patient-day, as the insulin

doses and the carbohydrate intakes, the problem becomes feasible;

¢ The algorithms themselves could not learn the problem postulated in this way

but maybe other models could be abler;

¢ The problem is too much complex, maybe because it is not possible predicting

long-term nocturnal hypoglycemic events;

* The problem is ill-posed and other metrics correlated with the nocturnal hypo-
glycemic events could be more easily predictable. An example of another way

to solve the task could be the prediction of the LBGI of the night.

7.2 Further Analyses

From the previous conclusion about the results of the work, other options and
methodologies could be evaluated to perform future analyses. New algorithms can be
tested as the Recurrent Neural Networks (RNN), the Long Short-Term Memory-NNs
(LSTM-NN), the Temporal Convolutional-NNs (TC-NN). All these algorithms are
based on the recognition of temporal patterns in the data and on the use of them to
compute the output layer.

The use of the Neural Networks in the task of the short-term prediction of the glu-
cose level and also in the prediction of the hypoglycemic events is already present
in literature and has shown good results with respect of the traditional Machine
Learning algorithms, models and filters [Pérez-Gandyia et al., 2010], [Zecchin et al.,
2015], [Bertachi et al., 2018].

The RNNs are used a lot in time-series forecasting and also in the specific case of the
prediction of the glycemic level [Allam et al., 2011],[Doike et al., 2018]. The results
obtained demonstrate the ability to forecast the glucose level with prediction horizon
long at maximum 60 minutes but not more, so the use of this algorithm in the events
prediction could be an interesting variation to the RNNs already proposed.

The LSTM-NNs are RNNs with the ability to keep in memory some information
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about the past states of the network and weighting them in order to achieve best
results. In this way, it is possible to learn long-term dependencies that would enrich
the prediction. This kind of framework has been applied to the prediction of the glu-
cose level with a short-term horizon, maximum equal to 60 minutes [Sun et al., 2018],
[Li et al., 2019] [Mosquera-Lopez et al., 2019]. The results are very encouraging and
demonstrate the ability of the LSTM-NNs of capturing the trends and the patterns of
the CGM data series.

The Temporal Convolutional Neural Networks are analogous of the Convolutional
Neural Networks that employ casual convolutions and dilations so that they are
adaptive for sequential data due to their temporality and large receptive fields [Bai
et al., 2018]. For these reasons, the TC-architecture could be adequate to solve the
prediction task using only the CGM data

In addiction also an autoencoder (AE) approach could be tested, to catch the most
informative properties of the CGM data for the prediction task proposed. The autoen-
coder system is composed of two models, the first is called the encoder, it is a RNN
or a CNN and it has to carry out the AE features. These features are not attributable
to physical features but are the most appropriate to solve the final task. Then these
features are put in input to a second model, often a SVM classifier, that has the aim
of make the prediction, trained on data depicted by the AE features [Hinton and
Salakhutdinov, 2006].
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Result of the population models on each patient datasets
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Figure A.1: Boxplots of the result metrics of the population model Logistic Regression
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Figure A.2: Boxplots of the result metrics of the population model L2-Regularized LR
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Figure A.3: Boxplots of the result metrics of the population model L1-Regularized LR
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Figure A.4: Boxplots of the result metrics of the population model Support Vector Machine
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Figure A.5: Boxplots of the result metrics of the population model Gradient Boosted Decision
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Figure A.8: Boxplots of the result metrics of the population model L1-Regularized LR
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Figure A.9: Boxplots of the result metrics of the population model Support Vector Machine
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APPENDIX B

Result of the patients-clustering analysis

B.1 Boxplot-analysis

B.1.1 Accuracy-Low Blood Glucose Index analysis

Logistic Regression

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.84 0.19 0.44 0.26
MOD], all train patients 0.54 0.23 0.70 0.35
MOD], predictable train patients 0.69 0.14 0.73 0.24

Table B.1: Result of the Logistic Regression model in the different analysis
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Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.65 0.28 0.61 0.38
MOD1 0.52 0.22 0.66 0.33
MOD2 0.60 0.24 0.59 0.34
MOD3 0.53 0.22 0.67 0.33

Table B.2: Result of the Logistic Regression models of the different analysis on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.80 0.17 0.44 0.25
MOD1 0.59 0.11 0.61 0.18
MOD 2 0.68 0.12 0.52 0.19
MOD3 0.61 0.11 0.62 0.19

Table B.3: Result of the Logistic Regression models of the different analysis on the test samples

of the predictable test patients
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L2-Regularized Logistic Regression

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.84 0.18 0.43 0.26
MODY], all train patients 0.48 0.23 0.82 0.36
MOD], predictable train patients 0.67 0.13 0.72 0.22

Table B.4: Result of the L2-Regularized LR model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.61 0.38
MOD1 0.46 0.22 0.79 0.34
MOD2 0.60 0.24 0.60 0.35
MOD3 0.50 0.23 0.79 0.36

Table B.5: Result of the L2-Regularized LR models of the different analysis on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.81 0.19 0.45 0.26
MOD1 0.60 0.11 0.61 0.19
MOD2 0.68 0.12 0.50 0.19
MOD3 0.61 0.12 0.64 0.20

Table B.6: Result of the L2-Regularized LR models of the different analysis on the test samples

of the predictable test patients
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L1-Regularized Logistic Regression

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODQO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.82 0.16 0.41 0.23
MOD], all train patients 0.55 0.24 0.72 0.36
MOD], predictable train patients 0.69 0.14 0.69 0.23

Table B.7: Result of the L1-Regularized LR model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

Table B.8: Result of the L1-Regularized LR models of the different analysis on all the test

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.62 0.38
MOD1 0.54 0.23 0.71 0.35
MOD2 0.60 0.25 0.66 0.37
MOD3 0.54 0.24 0.74 0.36

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.79 0.16 0.41 0.23
MOD1 0.63 0.12 0.62 0.20
MOD2 0.70 0.13 0.55 0.22
MOD3 0.62 0.12 0.67 0.21

Table B.9: Result of the L1-Regularized LR models of the different analysis on the test samples

of the predictable test patients
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Support Vector Machine

Results of the MODO0 and MOD1 on the training group of patients
Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.30 0.68 0.41
MODO, predictable train patients 0.82 0.17 0.45 0.24
MODY], all train patients 0.47 0.22 0.83 0.35
MOD], predictable train patients 0.64 0.12 0.72 0.20

Table B.10: Result of the Support Vector Machine model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.64 0.28 0.62 0.38
MOD1 0.45 0.22 0.80 0.34
MOD2 0.60 0.26 0.67 0.37
MOD3 0.50 0.23 0.79 0.36

Table B.11: Result of the Support Vector Machine models of the different analysis on all the

test samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.78 0.16 0.44 0.23
MOD1 0.57 0.11 0.62 0.18
MOD2 0.69 0.14 0.58 0.22
MOD3 0.62 0.12 0.61 0.20

Table B.12: Result of the Support Vector Machine models of the different analysis on the test

samples of the predictable test patients
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Gradient Boosted Decision Trees

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.89 0.62 0.92 0.74
MODO, predictable train patients 0.93 0.16 0.77 0.58
MOD], all train patients 0.77 0.32 0.27 0.29
MOD]1, predictable train patients 0.97 0.69 1.00 0.82

Table B.13: Result of the Gradient Boosted Decision Trees model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.73 0.31 0.45 0.37
MOD1 0.69 0.27 0.44 0.33
MOD2 0.70 0.28 0.44 0.34
MOD3 0.70 0.30 0.48 0.37

Table B.14: Result of the Gradient Boosted Decision Trees models of the different analysis on all

the test samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.82 0.16 0.31 0.21
MOD1 0.81 0.15 0.34 0.21
MOD2 0.79 0.14 0.34 0.20
MOD3 0.80 0.17 0.42 0.24

Table B.15: Result of the Gradient Boosted Decision Trees models of the different analysis on

the test samples of the predictable test patients



§B.1 — Boxplot-analysis 103

B.1.2 F1 score-Proportion of hypoglycemic class analysis

Logistic Regression

Results of the MODO and MOD1 on the training group of patients
Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.54 0.52 0.76 0.62
MOD], all train patients 0.53 0.20 0.55 0.29
MOD1, predictable train patients 0.63 0.61 0.66 0.63

Table B.16: Result of theLogistic Regression model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.65 0.28 0.61 0.38
MOD1 0.53 0.20 0.53 0.29
MOD2 0.68 0.24 0.39 0.30
MOD3 0.63 0.23 0.47 0.30

Table B.17: Result of the Logistic Regression models of the different analysis on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.50 0.37 0.63 0.47
MOD1 0.55 0.38 0.50 0.43
MOD?2 0.56 0.36 0.39 0.38
MOD3 0.55 0.38 0.49 0.42

Table B.18: Result of the Logistic Regression models of the different analysis on the test samples

of the predictable test patients
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L2-Regularized Logistic Regression

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.54 0.52 0.76 0.62
MOD1], all train patients 0.61 0.24 0.53 0.33
MOD]1, predictable train patients 0.60 0.59 0.58 0.59

Table B.19: Result of the L2-Regularized LR model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.61 0.38
MOD1 0.62 0.24 0.52 0.33
MOD2 0.67 0.24 0.39 0.30
MOD3 0.66 0.25 0.46 0.33

Table B.20: Result of the L2-Regularized LR models of the different analysis on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.52 0.38 0.63 0.47
MOD1 0.56 0.38 0.44 0.41
MOD2 0.57 0.39 0.41 0.40
MOD3 0.56 0.37 0.41 0.39

Table B.21: Result of the L2-Regularized LR models of the different analysis on the test samples

of the predictable test patients
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L1-Regularized Logistic Regression

Results of the MODO and MOD1 on the training group of patients
Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.29 0.65 0.40
MODO, predictable train patients 0.54 0.52 0.78 0.62
MOD], all train patients 0.58 0.24 0.65 0.35
MODY1, predictable train patients 0.57 0.55 0.64 0.59

Table B.22: Result of the L1-Regularized LR model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.65 0.28 0.62 0.38
MOD1 0.58 0.24 0.62 0.34
MOD2 0.62 0.24 0.53 0.33
MOD3 0.60 0.24 0.59 0.34

Table B.23: Result of the L1-Reqularized LR models of the different analysis on all the test

samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.51 0.38 0.64 0.47
MOD1 0.52 0.36 0.51 0.43
MOD?2 0.53 0.33 0.36 0.34
MOD3 0.51 0.34 0.47 0.40

Table B.24: Result of the L1-Regularized LR models of the different analysis on the test samples

of the predictable test patients
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Support Vector Machine

Results of the MODO and MOD1 on the training group of patients

Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.66 0.30 0.68 0.41
MODO, predictable train patients 0.53 0.51 0.78 0.62
MOD1], all train patients 0.18 0.18 1.00 0.30
MOD]1, predictable train patients 0.49 0.49 1.00 0.65

Table B.25: Result of the Support Vector Machine model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.64 0.28 0.62 0.38
MOD1 0.18 0.18 1.00 0.30
MOD2 0.72 0.27 0.35 0.31
MOD3 0.68 0.27 0.45 0.34

Table B.26: Result of the Support Vector Machine models of the different analysis on all the

test samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.49 0.37 0.66 0.47
MOD1 0.34 0.34 1.00 0.51
MOD2 0.60 0.43 0.46 0.44
MOD3 0.56 0.37 0.40 0.38

Table B.27: Result of the Support Vector Machine models of the different analysis on the test

samples of the predictable test patients
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Gradient Boosted Decision Trees

Results of the MODO and MOD1 on the training group of patients
Model Accuracy | Precision | Recall | F1-Score
MODO, all train patients 0.89 0.62 0.92 0.74
MODO, predictable train patients 0.85 0.78 0.94 0.86
MOD], all train patients 0.52 0.21 0.63 0.352
MODY1, predictable train patients 0.98 0.98 0.98 0.98

Table B.28: Result of the Gradient Boosted Decision Trees model in the different analysis

Results of the MOD0, MOD1, MOD2, MOD3 on the test group of patients

All test samples | Accuracy | Precision | Recall | F1-Score
MODO 0.73 0.31 0.45 0.37
MOD1 0.52 0.20 0.58 0.30
MOD2 0.58 0.20 0.46 0.28
MOD3 0.61 0.23 0.51 0.32

Table B.29: Result of the Gradient Boosted Decision Trees models of the different analysis on all

the test samples of the test patients

Predictable test samples | Accuracy | Precision | Recall | F1-Score
MODO0 0.57 0.39 0.41 0.40
MOD1 0.54 0.38 0.50 0.43
MOD2 0.52 0.35 0.47 0.40
MOD3 0.52 0.34 0.41 0.37

Table B.30: Result of the Gradient Boosted Decision Trees models of the different analysis on

the test samples of the predictable test patients
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B.2 F1-based analysis

B.2.1 Logistic Regression
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Figure B.1: Boxplot of the Logistic Regression MODO F1-score

F1-threshold | # of patients selected

0.35 132
0.40 106
0.45 76
0.50 55
0.55 30
0.60 13
0.65 9

0.70 4

0.75 1

Table B.31: Number of selected patients for each F1-threshold, Logistic Regression model

Test samples Accuracy | Precision | Recall | F1-Score
MODO, all patients 0.71 0.33 0.62 0.44
MODO, predictable patients 0.71 0.30 0.56 0.39
MOD1], all patients 0.68 0.29 0.58 0.39
MOD predictable patients 0.72 0.31 0.59 0.41

Table B.32: Result of the Logistic Regression models in the different analysis, F1-threshold=0.55



§B.2 — Fl-based analysis

109

B.2.2 L2-Regularized Logistic Regression
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Figure B.2: Boxplot of the L2-reg LR MODO F1-score

F1-threshold

# of patients selected

0.35
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Table B.33: Number of selected patients for each F1-threshold, L2-reg LR model

Test samples Accuracy | Precision | Recall | F1-Score
MODO, all patients 0.71 0.33 0.63 0.44
MODO, predictable patients 0.74 0.27 0.52 0.36
MOD1, all patients 0.65 0.27 0.60 0.37
MOD predictable patients 0.71 0.25 0.55 0.34

Table B.34: Result of the L2-reg LR models in the different analysis, F1-threshold=0.55
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B.2.3 L1-Regularized Logistic Regression
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Figure B.3: Boxplot of the L1-reg LR MODO F1-score

F1-threshold | # of patients selected
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Table B.35: Number of selected patients for each F1-threshold, L1-reg LR model

Test samples Accuracy | Precision | Recall | F1-Score
MODO, all patients 0.70 0.33 0.63 0.44
MODO, predictable patients 0.73 0.26 0.51 0.34
MOD1], all patients 0.65 0.27 0.60 0.37
MOD predictable patients 0.72 0.26 0.56 0.35

Table B.36: Result of the L1-reg LR models in the different analysis, F1-threshold=0.55
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B.2.4 Support Vector Machine
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Figure B.4: Boxplot of the SVM MODO F1-score

F1-threshold
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Table B.37: Number of selected patients for each F1-threshold, SVM model

Test samples Accuracy | Precision | Recall | F1-Score
MODO, all patients 0.71 0.34 0.63 0.44
MODO, predictable patients 0.73 0.25 0.52 0.34
MOD1, all patients 0.68 0.29 0.57 0.38
MOD predictable patients 0.75 0.26 0.50 0.34

Table B.38: Result of the SVM models in the different analysis, F1-threshold=0.55
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B.2.5 Gradient Boosted Decision Trees
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Figure B.5: Boxplot of the Gradient Boosted Decision Trees MODO F1-score

F1-threshold

# of patients selected
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Table B.39: Number of selected patients for each F1-threshold, Gradient Boosted Decision Trees

model

Test samples Accuracy | Precision | Recall | F1-Score
MODQO, all patients 0.72 0.35 0.62 0.44
MODO, predictable patients 0.74 0.29 0.55 0.38
MOD1], all patients 0.63 0.26 0.61 0.37
MOD predictable patients 0.68 0.24 0.55 0.33

Table B.40: Result of the Gradient Boosted Decision Trees models in the different analysis,

F1-threshold=0.55
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