UNIVERSIDAD AUTONOMA DE MADRID

ESCUELA POLITECNICA SUPERIOR

= LAl

Eiely UNIVERSIDAD AUTONOMA

F*Eh denim DE MADRID
UPEFIDF

PROYECTO FIN DE CARRERA

QUANTIFICATION OF ELECTROENCEPHALOGRAPHIC
CHANGES DURING HYPOGLYCAEMIA

Maria Riesco Garcia

March 2009






QUANTIFICATION OF ELECTROENCEPHALOGRAPHIC
CHANGES DURING HYPOGLYCAEMIA

AUTOR: Maria Riesco Garcia
SUPERVISORES: Helge B.D. Sgrensen
Carsten E. Thomsen
PONENTE: Pablo Varona

i

Biomedical Engineering Group
Department of Electrical Engineering
Technical University of Denmark

In collaboration with:

Faculty of Health Sciences
Copenhagen University

March 2009

This Master thesis is part of de requirements to co mplete Master studies at
the Technical University of Denmark. It represents 35 ECTS.

© Copyright 2009 by Maria Riesco Garcia.






Palabras clave / Key words v

Palabras clave
Aprendizaje automaético, Clasificacion, Clusteridgabetes, EEG, Electroencefalograma,
Extraccion de artefactos, Insulina, Método no suipado, Reconocimiento de patrones,
Tratamiento digital de sefales.

Key words

Artefact extraction, Classification, Clustering,abDetes, Digital signal processing, EEG,
Electroencephalogram, Insulin, Machine learningttdPa recognition, Unsupervised

method.






Resumen vii

Resumen
Diabetes mellitus es una enfermedad en la cualiespo no produce suficiente o no usa
apropiadamente insulina, una hormona producida @arereas. La insulina es necesaria
para convertir el azUcar y otra comida en energéa.diabetes es normalmente una
enfermedad crénica sin cura. El paciente juegaapelpexcepcionalmente importante en
cuanto a educacién, apoyo dietético, ejercicicdisi auto monitorizacion del azicar en
sangre, con el objetivo de mantener dicho nivedaieear dentro de unos limites aceptables.
Cuando la concentracion de azucar en la sangréaesaja que el nivel normal se conoce
como hipoglucemia. La hipoglucemia mas comudn swgeo una complicacion del
tratamiento de la diabetes mellitus con insulina.embargo, en personas no diabéticas, la
hipoglucemia puede surgir por varias causas a gigglgdad.
En el afio 2000, segun la Organizacion Mundial d&dld, al menos 171 millones de
personas en el mundo sufren diabetes, un 2.8% dmb#acion. Su incidencia esta
aumentando rapidamente, y se estima que para eR@B0, el numero se habra casi
duplicado [20].
Los sintomas y manifestaciones de la hipoglucemidigden en aquellos producidos por
las hormonas afectadas por bajos niveles de azitm efectos neuronales producidos por
la falta de azucar en el cerebro.
En este estudio, el objetivo principal es analjzauantificar como afecta la falta de azucar
en la sangre al cerebro, a través del andlisieili@es encefalograficas (EEG).
Para investigar cambios en los patrones encefdiogsaun grupo de pacientes (diabéticos
y no diabéticos) ha sido examinado durante nornoeghia, hipoglucemia y durante
estados intermedios mientras estaban desarroll@ifdoentes ejercicios. Se grabaron
sefales encefalograficas (EEG) para cada unoak ell
Se eligieron tres secuencias diferentes para anatisrrespondiendo con dos ciclos en
estado normal y el maximo evento hipoglucémicoidafpor cada persona.
Tras la eliminacion de artefactos (interferenciasla sefal), para cada segmento de 2
segundos de la sefial EEG pre-amplificada, un ctmjde muestras, representando la
distribucion frecuencial y la amplitud, fue extrai®e llevo a cabo un clustering jerarquico
de estas muestras, para cada paciente y ejergycamnbinando pacientes y ejercicios de
distintas maneras. Se clasificaron las sefales &E&vés de un clasificador probabilistico,
y se asocid la ocurrencia de ciertos patrones aicanen el nivel de azlcar sanguineo
usando unos correspondientes colores distintoss pderentes grupos de pacientes.
Finalmente, se presentan los resultados y condesio
Para la mayoria de las personas, se encontraraonesatcaracteristicos individuales que
ocurren principalmente en la secuencia hipoglucémiara estos pacientes, se ha
observado un contenido méas alto de actividad fredak desde 8 a 12 Hz (ritmo alfa)
durante hipoglucemia, pero la mayor actividad feexial parece ocurrir de 6 a 10-12 Hz
(en lugar de 8 a 12 Hz).
Las personas diabéticas desarrollan mas patrompeglbcémicos que las personas no
diabéticas. La razén podria ser la cantidad detesexeveros hipoglucémicos sufridos en el
pasado. Cuando estan desarrollando una tarea gquoanda concentracion y actividad
cerebral durante hipoglucemia, las personas di@®efiarecen estar mas afectadas.
Para un grupo de pacientes, se observa menos cintdn altas frecuencias (>7Hz) para
los patrones hipoglucémicos evidentes y una aetividas alta en el rango de 4 a 7 Hz.
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El resultado principal y mas importante obteniddaeyariabilidad entre pacientes. Los

patrones frecuenciales de algunos pacientes dungrdglucemia corresponden a patrones
de otros pacientes durante normoglucemia. Estdfisgmue hay mas diferencias en los

patrones frecuenciales de una persona a otra,@uerdo a hipoglucemia para la misma
persona.

Se han encontrado patrones hipoglucémicos compees,s6lo aparecen para unos pocos
pacientes.
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Abstract
Diabetes mellitus is a disease in which the bodgsdoot produce enough, or properly
respond to, insulin, a hormone produced in the gE@sc Insulin is needed to turn sugar and
other food into energy. Diabetes is currently aoolr disease with no cure. There is an
exceptionally important role for patient educatidretetic support, sensible exercise, self
monitoring of blood glucose, with the goal of keepiblood glucose levels within
acceptable bounds.
When the glucose concentration in the blood is fowen normal level it is called
hypoglycaemia. The most common forms of hypoglyeemicur as a complication of
treatment of diabetes mellitus with insulin. Howeven non-diabetic persons,
hypoglycemia can arise from many causes at any age.
In 2000, according to the World Health Organizatiat least 171 million people
worldwide suffer from diabetes, or 2.8% of the plagion. Its incidence is increasing
rapidly, and it is estimated that by the year 2@B®&, number will almost double [20].
Hypoglycemic symptoms and manifestations can béledinto those produced by the
hormones affected by the falling glucose, and rieaffacts produced by the reduced brain
sugar.
In this research, the main goal is to analyze amhtify how the lack of sugar affects to
brain, by means of electroencephalographic (EE@)atianalysis.
To investigate changes in the EEG-pattern, a gafygatients (diabetic and non diabetic)
was examined during normoglycaemia, hypoglycaemdhiatermediate states while they
were performing different exercises. EEG signalsawecorded from each of them.
Three different sequences were chosen to be amhlyapresenting two baselines
(normoglycaemic states) and the maximum hypoglyoaerent for each person.
After removing artefacts (interferences of the alynfrom each 2 seconds segment of the
pre-whitened EEG signal, a set of features, reptasg both frequency distribution and
amplitude was extracted. Hierarchical clusteringhefse features was carried out, for each
patient and exercise, and also combining themfferént ways. Classification of the EEG
was performed by a probabilistic classifier, anel docurrence of patterns was correlated to
changes in the blood glucose using different calaocordingly, for different groups of
patients. Finally, results and conclusions weregméed.
For most of the persons, individual characteriptitterns occurring principally during the
hypoglycaemic sequence were found out. For thesenps, it has been observed higher
content of 8 to 12 Hz activity (alpha rhythm) dgrifmypoglycaemia, but the highest
frequency activity seems to occur from 6 to 10-2(idstead of from 8 to 12 Hz).
Diabetic patients develop more hypoglycaemic pastehan non diabetic patients. The
reason may be their many several past hypoglycaements. When performing a
demanding mental task during hypoglycaemia, dialsstems to be more affected.
For a group of patients, it was found less highlgdency content (>7Hz) in the clear
hypoglycaemic patterns and a correspondent highrgent of 4 to 7 Hz activity.
The main and most important result obtained isinbe&rpatient variability. The frequency
patterns of some patients during hypoglycaemiaespond to other patients’ patterns
during normoglycaemia. This means that the intéviddal differences differ more from
person to person, than from normo- to hypoglycadarithe same person.
Common hypoglycaemic patterns have been foundthmyt do not seem to appear for
more than a few patients.
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1A. Introduccion

1.1 Descripcion del problema

La diabetes es una enfermedad en la cual el cueporoduce, o usa apropiadamente,
insulina, dando como resultado niveles de azucamaaimente altos en la sangre. Insulina
es la hormona necesaria para convertir azUicargdaimas y otros componentes de la comida
en la energia necesaria para el funcionamientéecelarmal.

Es importante para los pacientes saber si el migeglucosa en la sangre esta fuera del
rango debido, el cual podria ser diferente para gaisona. Cuando el nivel de azlcar en
la sangre esta por debajo de dicho rango, se caooee hipoglucemia.

La hipoglucemia puede ocurrir debido a diferentastdres: demasiada insulina, no
suficiente comida, demasiado ejercicio, comer tarde comer demasiados pocos
carbohidratos. Es decir, sucede cuando la insyliahazucar en la sangre estan fuera de
balance.

La gente sin diabetes normalmente no sufre hipeghiez. Su cuerpo detecta cuando tiene
suficiente insulina y deja de producirla automatieate. Pero la gente diabética tiene que
descubrir cuanta insulina necesitara su cuerpo.wdraajue la insulina ha sido inyectada,
sigue funcionando hasta que ha sido consumidajsadi el nivel de glucosa en la sangre
desciende demasiado.

Cuando el azucar en la sangre baja hasta ciertd, mermalmente 3.6mm/L, se produce
una falta de fuel disponible en el cerebro y ocamrisintomas de inanicién en el cerebro.
Es esencial tratar hipoglucemia al primer signedetlo para prevenir manifestaciones
mas serias como confusion, pérdida de conscienciagues. Los primeros sintomas
incluyen inestabilidad, vértigos, hambre, doloraddeza, mareos, mal humor, palidez y
confusion. Si los niveles de glucosa descienderhmueas, puede tener lugar pérdida de
consciencia y ataques. Para tratar la hipoglucelasapersonas diabéticas deberian tomar
rapidamente azucar absorbible oralmente en formeud® de frutas, refrescos regulares
(no dietéticos), tabletas de chocolate o gel deazu

La grabacion de la actividad eléctrica del cereleb,electroencefalograma (EEG),
representa una técnica no invasiva bien conocgijaupara diagndésticos e investigacion.
La actividad electroencefalografica sobre el cueabelludo muestra oscilaciones en
frecuencias variadas. Varias de estas oscilaciotesen rangos de frecuencia
caracteristicas, distribuciones espaciales y eatotiadas con diferentes estados del
funcionamiento del cerebro (por ejemplo despienarnos estados mientras la persona esta
dormida). Estas oscilaciones representan mas osratividad sincronizada sobre una red
de neuronas.

El analisis encefalografico tiene muchos usos @eradtilizacion durante hipoglucemia
todavia se encuentra lejos de una exploracion pdefuLa informacion “escondida” en el
electroencefalograma tiene el potencial de ser mpoitante punto de partida para
desarrollar in método de deteccion de hipogluceyng trataria de un método no invasivo.
Ademas, con el uso del electroencefalograma sesiblp detectar la reaccion del cerebro
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y del sistema nervioso central a niveles bajosldeoga en la sangre, individualmente para
cada paciente.

El patron encefalografico seguramente va a seretlife parea cada persona y para cada
estado del paciente. Depende del metabolismo psledndiciones bajo las que han sido
grabadas las sefales encefalograficas. La readeitecerebro a bajos niveles de azucar en
la sangre también podria ser diferente para cadame Por lo tanto, es necesario estudiar
primero cada paciente por separado, y determin@mipeles de hipoglucemia afectan al
cerebro de cada persona. En segundo lugar, sesiblgpadesarrollar caracteristicas
electroencefalograficas comunes, Utiles para detesignos tempranos de hipoglucemia
para un grupo de pacientes mayor.

1.2 Objetivos de la investigacion

El objetivo principal de este estudio es investigabre el comportamiento del cerebro,
usando analisis de sefales encefalogréficas, éuremmtno e hipoglucemia para descubrir
como afecta al cerebro la hipoglucemia. El patracetalografico estd cercanamente
relacionado con el metabolismo celular del cerepréa forma de las ondas varia

considerablemente segun el estado del pacientEf2jeneral quiere decir que un paciente
que esta profundamente inconsciente muestra gramiifesencias en su patron

encefalografico que uno que esta despierto.

Debido a la variabilidad entre pacientes, cadaepdei individual serd estudiado por
separado y se intentaran desarrollar caractedstmamunes y encontrar patrones
encefalograficos tipicos (o clases) a partir derdiites reacciones cerebrales y del sistema
nervioso debido a diferentes niveles de azUcargas#icarlos. Las clases seran agrupadas
y se les asignaran colores de acuerdo con cadhdevazlcar que se encuentre bajo un
esperado umbral hipoglucémico, o bajo el estadmalodel cerebro durante periodos con
normoglucemia. La mayoria de las distintas clage®spera que describan un estado
normal, y nuestro objetivo serd encontrar sintonaacteristicos de la hipoglucemia en
unas pocas de ellas.

Hay que resaltar que el objetivo principal no esectar hipoglucemia, sino dar un

temprano aviso de disfuncion cerebral en esos @stad los que la hipoglucemia se
encuentra bajo un umbral que no es aconsejablegbgraciente. Este umbral puede ser
diferente para cada paciente dependiendo de sastedsticas personales (metabolismo) y
condiciones (vida normal, inconsciente...) y por dotd serd estudiado dependiendo de
caracteristicas individuales.

La presentacion de los resultados debe ser combplegsal mismo tiempo, adecuada para
mostrar los resultados del analisis y clasificadérsefiales electroencefalograficas.

Si se encontraran patrones hipoglucémicos se dhpersonal clinico valiosa informacion
sobre las condiciones del paciente y seria positdprar el tratamiento individual del
paciente. Una limitacion importante es que mucheslas pacientes que desarrollan
hipoglucemia espontanea no son conscientes deustencia, y por lo tanto no son capaces
de tratarse apropiadamente a si mismos.
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Tabla 1: Conjunto de objetivos de la investigacion.

Conjunto de objetivos

Descubrir las diferencias entre los estados de ogitmemia e hipoglucemia pafa
cada paciente durante el ejercicio de monitorizacio

. Si estas diferencias existen, analizar como afddtancionamiento del cerebro Ih

hipoglucemia para cada paciente y extraer resudtgadonclusiones.

Descubrir como afecta al funcionamiento del cerédiopoglucemia para el
ejercicio CalCAP para cada paciente.

. Averiguar si hay alguna relacion entre patronesdiijcémicos de diferentes

ejercicios (CalCAP y monitoring).

. Analizar si nuestras conclusiones son validas pargrupo de pacientes y si es

posible hacer alguna generalizacion.

1.3 Organizacion de la memoria
Para llevar a cabo estos objetivos seguiremosdogestes pasos (Fig 1):

Extraccion de datos de la base de datos, empezidmente con unos pocos
canales (4 + 1 de referencia).

Etiquetar los datos y extraer los artefactos: ledimkes electrofalograficas grabadas
durante la vida diaria, incluyen una cantidad swséh de datos perturbados por
varios artefactos. Dichos datos no son utiles [gad@teccion de hipoglucemia.

Por lo tanto, los segmentos de sefial serdn pregados para separar y extraer la
cantidad de datos utiles para nuestro estudiodqciétey eliminacion de artefactos).
En segundo lugar, etiquetar los datos especificaqu ocurre en qué tiempo
exacto.

Extraccion de patrones: Extraer los patrones Utigelas sefiales EEG.

Clustering o agrupamiento: No existe un patrén de referepeiea detectar la
disfuncidon cerebral durante hipoglucemia, asi cpeeaentraremos en la utilizaciéon
de métodos no supervisados.

Procesamiento de datos: Analizaremos primero ugagi@ cantidad de datos para
conseguir los primeros resultados y conclusioneslegpués utilizar el método
desarrollado para la cantidad de datos restante.

Clasificador: Consiste en clasificar patrones desedo con el estado del azlcar en
la sangre del paciente. De ser exitoso, intentasedatectar un conjunto de patrones
comunes para varios pacientes y averiguar coma \eariabilidad entre pacientes, y
por lo tanto, como bajos niveles de azlcar enrigreaafectan al cerebro.
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1B. Introduction

1.1 Problem description

Diabetes is a disease in which the body does matuyse or properly use insulin, resulting
in abnormally high blood sugar levels (hyperglycaminsulin is a hormone that is
needed to convert sugar, starches and other fang@uents into energy needed for normal
cell function.

It is important for the patients to know if the btbglucose level is outside the target range,
which might be different for each person. When bigtucose is below the target range, it
is called hypoglycaemia.

Hypoglycaemia can be caused by a number of fadimesmuch insulin, not enough food,
too much exercise, eating late, or eating tocelithrbohydrates. In short, it can happen
when insulin and blood glucose are out of balance.

People without diabetes usually do not get hypagyaia. Their body can tell when it has
enough insulin and stops releasing it automatica8iyt people with diabetes have to figure
out how much insulin their body will need. Once thsulin is injected, it keeps working
until it has gone, even if the blood glucose leyas too low.

When the blood glucose falls below a certain leusljally 3.6mml/L, there is a lack of
available fuel to the brain and symptoms of bratarvation will occur. Treating
hypoglycaemia at the first warning sign is esséntra preventing more serious
manifestations, such as confusion, loss of consoiess, and seizures. Early symptoms
include shakiness, dizziness, hunger, headach#;Hgpdedness, moodiness, pallor, and
confusion. As glucose levels fall further, losscohsciousness and seizures may result. To
treat hypoglycaemia, people with diabetes shouké tapidly absorbable sugar orally in
the form of fruit juice, regular (not diet) sod&gpse tablets, or glucose gel.

Recording of the electrical activity from the braithe electroencephalogram (EEG),
represents a well-known non invasive techniqued teediagnostic and research purposes.
Scalp EEG activity shows oscillations at a variety frequencies. Several of these
oscillations have characteristic frequency ranggstial distributions and are associated
with different states of brain functioning (e.gwake and the various sleep stages). These
oscillations represent more or less synchronizégigcover a network of neurons.

EEG analysis has many uses but its use during hygegmia is still far from fully
explored. The information ‘hidden’ in the EEG hhke potential to be an important input to
develop a hypoglycaemia detection method, and itldvde a non invasive method.
Furthermore, with the use of EEG it might be pdsstb detect the reaction of the brain
and the central nervous system to low blood glut®sds individually for each patient.

The EEG pattern is likely to be different for egutient and for each state of the patient. It
depends on the metabolism and on the conditionerumdhich the EEG signals are
recorded, and also the brain reaction to low biglodose levels might be different for each
patient. Therefore it is necessary firstly to stedyh patient separately, and to determine
what levels of hypoglycaemia affect the brain facke person. Secondly it might be
possible to develop common EEG characteristicsfulder detecting early signs of
hypoglycaemia for a larger group of patients.
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1.2 Goals of the research

The primary aim of this study is to do researclo intain functioning by using EEG signal

analysis during normo and hypoglycaemia in orddind out how hypoglycaemia affects

to the brain. The EEG pattern is closely relatethtocell metabolism in the brain and the
waveforms vary considerably with the state of thégmt [2]. In general this means that a
patient who is deeply unconscious shows highlyed#iit EEG patterns to one who is
awake.

Due to inter-patient variability, each single patigvill be studied separately and it will be
tried to develop common characteristics and finuicgl EEG patterns (or classes) from
different brain and neural system reactions dudifferent glucose levels for classification.
The classes will be grouped and assigned colowsrding to either glucose levels below
the expected hypoglycaemic threshold or the gersteaé of the brain for periods with
normo-glycaemia. Most of the different classesexgected to describe a normal state, and
our goal will be to find characteristic hypoglycaartsymptoms” in a few of them.

Recall that the main goal is not to detect hypoagyuia in itself, but to give early warning
for cerebral dysfunction in those states in whighdglycaemia is below a threshold which
is not advisable for the patient. This threshold ba different for each patient depending
on their personal characteristics (metabolism) @nditions (normal life, unaware...) so it
will be studied depending on individual characters.

The display of results should be comprehensiblealsd adequate for showing the results
of the analysis and classification of the EEG digina

If hypoglycaemic patterns could be found it wouidegthe clinicians valuable information
about patient’s condition and it would make it pbkesto improve the individual treatment
of the patient. An important limitation is that nyaof the patients developing spontaneous
hypoglycaemia are unaware of the hypoglycaemic tevaerd therefore not able to treat

themselves properly.
Table 2: Set of goals of the research.

Set of goals

6. Find out the differences between normoglycaemiahgmpadglycaemia state for
each patient during monitoring exercise.

7. If the differences exist, analyze how hypoglycaeaifacts to brain functioning
for each different patient and extract conclusiand results.

8. Find out how hypoglycaemia affects to brain funciigy for the CalCAP exercis
for each patient.

9. Find out if there is some relation between hypogiyoic patterns for different
exercises (CalCAP and monitoring).

10. Analyze if our conclusions are valid for a grougpatients and if it is possible tq
do some generalization.

U
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1.3 Outline of the report
For these goals we will follow some steps (Fig 1):

( Data extraction / Feature extraction w ( Clustering

L

Data extraction from the database, starting witst ja few channels (4 + 1 of
reference).

Database labelling and Artefact extraction: The Edghals recorded during daily
life potentially include a substantial amount otaldisturbed by various artefacts,
and data from these periods might be useless &xtdbypoglycaemia. Thus, the
signal segments will be pre-processed in orderefmaate and extract the useful
amount of data for our study (artefact detectiod eemoval). Secondly, to label
them specifying what it might occur at what exadtitiye

Feature extraction: Extract useful features fronGGEgnals.

Clustering: There exists no reference EEG patteraétecting cerebral dysfunction
during hypoglycaemia, so the focus will be on usingupervised methods.

Data processing: Analyzing first a lower amountlafa to get the first results and
conclusions, and after that using the developechogefor the rest of the data
amount.

Classifier: To classify patterns according to paséblood glucose state. If this is a
success we will try to detect set of common pastéon some patients and find out
how the variability is between patients, and tthmy the brain is affected by low
blood sugar levels.

N

)

ey

Detection / A
of Results
hypoglycaemia

Figure 2: Outline of the report

Classifier
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2. Medical background

2.1 Diabetes

The pancreas is an organ that has two main furgtiginst, it helps the body to digest food
by producing enzymes. And second, the pancreasnaéswfactures insulin. Insulin is a

hormone and is the key that enables the body tohestod that is its fuel.

When food is eaten and digested, the nutrientsuaned into a special kind of sugar called
glucose. Glucose is the food and energy for alct#iks that make up bodies.

Glucose is carried throughout the body by the dtre@m, but it can not enter the cells
without the help of insulin.

A healthy pancreas never allows too much or tdte Iglucose to exist in the blood. Just
enough insulin is produced so that the glucoseerblood can be used by the cells. Insulin
keeps the blood glucose level in balance all the tit ensures that cells never lack energy.

Mayor types of diabetes:

- Type 1 diabetes:
It results from the body's failure to produce imsuthe hormone that "unlocks" the cells of
the body, allowing glucose to enter and fuel them.
Glucose in the blood rises higher and higher witremer entering the cells. A person with
type 1 diabetes must get insulin in some way twigay usually by insulin injections. These
shots provide the insulin that the pancreas i®ngédr producing.
For the rest of their lives, people with diabetasetully balance the insulin they inject, the
food they eat, and the exercise they get so tlegt¢hn keep their bodies healthy. Once this
is achieved, most can live long, active lives.

- Type 2 diabetes:
It results from insulin resistance (a conditionvihich the body fails to properly use
insulin), combined with relative insulin deficienchhe cells are resistant to the insulin, and
it is hard for glucose to get inside the cellal#o causes high blood sugar levels.
In response, the pancreas works harder and haag®ping out more and more insulin and
trying to lower glucose levels. As time goes ontabeells (cells which produce insulin)
may burn out completely from this overwork, andréfiere less and less insulin can be
made. If too many beta cells die, a person witle @gliabetes may require insulin shots.

Normal blood glucose levels are between 60 anddidigrams per decilitre. People with a
glucose level above 125 mg/dl are considered te dabetes [7].

2.2 Hypoglycaemia

Blood glucose checking is one of the best toolskEeping diabetes in control. Frequent
testing and good record-keeping give to the patieatmost accurate possible picture of
diabetes control. One of the purposes of bloodagadesting is checking out how often
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blood glucose levels are in the target range. Wileod glucose is below the target range,
it is called hypoglycaemia.

Hypoglycaemia is a plasma glucose concentrationdoaugh to cause symptoms and/or
signs, including impairment of brain function.

In healthy individuals, symptoms of hypoglycaemiavelop at an arterialized venous
plasma glucose concentration of ~54 mg/dl (~3.0 ffijjno

However, the critical level for hypoglycaemia migiit be the same for each individual
patient.

latrogenic hypoglycaemia is the limiting factorthe glycaemic management of diabetes.
Thus, hypoglycaemia is a distinctly uncommon chhievent, except in people who use
drugs that lower the plasma glucose concentraparticularly insulin to treat diabetes. All
people with type 1 diabetes must be treated wihlin. Most people with type 2 diabetes
ultimately require treatment with insulin.

Asymptomatic episodes of hypoglycaemia will be missinless they are detected by
routine self-plasma glucose monitoring. Because dimmptoms of hypoglycaemia are
nonspecific, symptomatic episodes may not be razedras the result of hypoglycaemia.
Even if they are recognized, mild-to-moderate teléted episodes are often not long
remembered and therefore may not be reported detued periodic clinic visits. Episodes
of severe hypoglycaemia are more dramatic eveatsatie much more likely to be recalled
and reported. Thus, although they represent onlynall fraction of the total
hypoglycaemic experience, estimates of the incideofc severe hypoglycaemia are the
most reliable [8].

2.3 Electroencephalographic signals

An electroencephalogram is a graphic record ofnbnaves representing electrical activity
in the brain. It is generated by measuring eledignals using a set of electrodes attached
to the scalp that act as transducBisferences of electric potential between differpatts

of the brain are measured by a portable set ofagaimeters and printed or reproduced as
multiple simultaneous waveform tracings that hawamdard configurations in the normal
brain.

For reasons of standardization, the locations efdlectrodes used in recording EEGs are
defined by international agreement as the “10-2esy” of electrode placement (Fig 2)

This system uses measurements of the head refdrémogsible anatomic landmarks to
minimize the variation in electrode placement amaegording technologists and to
provide the maximal uniformity in electrode to lrastructure correspondence among
patients.
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A standard nomenclature is used for the electrodations based on a letter prefix, which
indicates the region of the head, and a numbeixswfhich indicates the exact location

within that region. The common letter prefixes aseollows: F for the frontal region, C for

the central region, P for the parietal region, T tfee temporal region, O for the occipital

region, and A for the ears. The most commonly usedbering system is also illustrated in
Fig 2. As is evident, an odd number suffix indicatee left side of the head, an even
number suffix indicates the right side. The suffixndicates the sagittal midline, and a
suffix that includes p indicates the frontal pole.

VERTEX

Figure 3: International 10-20 Electrode Placement Bstem. [9] Image extracted from the book "Atlas of
EEG Patterns" from John M. Stern.
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The EEG record, also called a tracing, truly iofygraph composed of multiple horizontal
lines, each of which is generated by two electriogeits and is called a channel. In our
case, each patient has been recorded from 22 stadfrodes (including reference and
ground), giving 19 configurable EEG channels farregecording.

The specific electrode locations used for the @aatf each channel are termed montages
and are divided into two general approaches: bipeha referential (Fig 3 and 4) [9]. We
have used bipolar montage in our EEG recording.

Figure 4: One type of Bipolar Montage: Electrodes ee in bold and channels illustrated by lines linkirg
the electrodes. [9] Image extracted from the bookAtlas of EEG Patterns" from John M. Stern.

Figure 5: One type of Referential Montage: An "ipslateral ear" montage with the channels listed as
they may appear on an EEG paged. [9] Image extraadgrom the book "Atlas of EEG Pattern" from
John M. Stern.
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In EEG signals, the spectrum of frequencies iscBlpi classified in four frequency ranges,
as we can see in Table 2:

Table 3: Frequency ranges of the EEG signals.

Activity Frequency Range
Delta 1.3-3.5Hz
Theta 3.5-7.5 Hz
Alpha 7.5-13 Hz

Beta 13-30 Hz
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3. Database description

3.1 Subjects

The data material for the study consists in twéed#nt groups of patients.

Group A: 12 insulin diabetic patients (Type 1).

Group B: 20 control patients.

Each patient has been recorded from 22 scalp etegr(including reference and ground),
giving 19 configurable EEG channels for each reicgrd

3.2 Experimental protocol

During the week preceding the experiment, subjeatge instructed to live and eat as
normal as possible and to avoid any rigorous egerand use of alcohol or psychoactive
drugs.

Subjects faced three different exercises in thriéerdnt days: Hypoxia, placebo and
hypoglycaemia.

We will focus in the hypoglycaemia exercise. Durihg night before the experiment a
continuous glucose monitoring device was mountethypoglycaemia took place (blood
glucose concentration below 3.5 mmol/l) the expernimwas postponed for at least 14
days.
If hypoglycaemia had not been present, the suljas introduced to the experimental
setting and scheme, and was equipped as follows:

1) Intravenous cannula in an antecubital vein in fotearms.

2) EEG cap and two precordial ECG leads connected thgwal EEG recorder

(Cadwell, Kennewick, Washington, USA).
3) Head phones (in-ear type) connected to a competemedng auditory stimuli.
4) Ambulatory blood pressure unit.

The experiment was carried out in a cyclic mannigh \& total of 6 cycles for diabetic
patients and 7 cycles for normal patients. Thesquesgces have the following
characteristics:

Table 4: Description of cycles: non-diabetic patiets.
Hypoglycaemia, non-diabetes
Cycle Type
1 Baseline
Baseline
Blood glucose level decreasgs
Hypoglycaemia
Hypoglycaemia
Recovery
Recovery

~NOgAWIN
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Table 5: Description of cycles: diabetic patients.

Hypoglycaemia, diabetes

Cycle Type

1 Baseline

Baseline

Hypoglycaemia

Hypoglycaemia

Recovery

OO~ WIN

Recovery

In each cycle, four different exercises were cdraat:

Table 6: Description of the exercises carried oututing each cycle.

Exercises in each cycle

Name

Description

Monitoring

Patient lied down, awake with close eyes

Alzheimer Quick Test (AQT)

This test is developedtssess function of the parietal lobe ar
working memory. The subject must name 40 objecthffarent
colours (for example red square, blue triangle).etc

Auditory evoked potentials
(AEP)

AEP was obtained by an auditive stimulation panadagnsisting
of more than 500 stimuli delivered. In order to ntain attention
subjects were asked to count the number of stigivdin to the
attended ear.

California Cognitive

key when a number is presented. The second onehisiee
reaction task with reaction to a specific numbédre Third one is 3
choice reaction task with reaction to two identicambers in a
sequence. And the fourth and last exercise is Eehieaction tesi

CalCAP test consists of four different reactiondisxercises: The
Assessment Package (CalCAPYirst one is a simple reaction time test where scisj must strike 4

174

=

with reaction to two numbers in a sequence (inéngasrder).

Figure 6 shows the whole hypoglycaemia experinginiged in cycles and exercises for a

non diabetic person.
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Hypoglycaemia experimen

Baseline Blood glucose level decreases Hypoglycaemia Recovery

T T T

ycle 1 Cycle 2 Cycle 3 Cycle 4 Cycle 5 Cycle 6 Cycle 7

1 Cycle = 4 Exercises

|V Monitoring AQT AEP CalCAP —‘

Figure 6: Schematic design of the sequence of cyxléuring the hypoglycaemia experiment for non
diabetic patients. Abbreviations: AQT: Alzheimer Quick Test, AEP: Auditory Evoked Potentials,
CalCAP: California Cognitive Assessment Package.

3.3 Pre-processing: Data selection

Section 3.3 and 4.1 was made in collaboration WiHrtin S. Christiansen and Melissa
Larsen, both students of the Bachelor programnhadical Engineering.

Continuous 19-channel EEG was recorded digital§0(2iz sampling rate) through the
experiment (Plus 1 or 2 of reference). Data wdteréid by a first order 0.53 Hz low cut
filter and a first order 70 Hz high cut filter. Bhiilter is commonly used in EEG analysis to
avoid noise and movement artefacts.

Five derivations were selected for primary poweecsfal analysis (4 channels + 1 of
reference):

Table 7: Description of channels selected for printy analysis.
Channel Input
F3-C3
F4-C4
C3-P3
C4-P4
Reference channel

GO WOWNPRF
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Channels 1 and 2 are situated in the frontal Idlibeobrain (left and right side), and channels18 a
4 are situated in the parietal lobe (left and rigjde).

Parietal Lobe
~ gt

Frontal Lobe

Occiptal Lobe

—

Cergbellum 8

Brain Stem

v

Figure 7: Main brain parts [10].

Within these five channels and for each patiemgédltycles containing four exercises were
selected to analyze them: Cycle 1 and Cycle 2 aslibas (normoglycaemia), and the
Cycle corresponding to the lowest blood sugar lémetach patient.

Table 8: Samples of blood sugar level for non dialtie persons. Yellow cells indicate the lowest sugar
level of each person.

Non diabetic persons

File bsicl bslc2 bslc3 bslic4 | bsl2c4 | bslich | bsl2c5 | bsic6 | bslc7
nhl7 5 4,9 2,4 2,8 2,3 2,3 2,4 2,9 1,6
nh21 54 5,2 4,1 3,5 3,1 3,2 3,2 54 4,1
nh3 5 4,8 4,1 2,8 2,6 2,8 2,9 5,7 3,9
nhl4 4,8 4,8 3,5 2,5 2,8 3,1 3,2 4,8 3,1
nh1l 5 5 3,6 2,3 3,1 3 3 4,4 3,2
nh9 4,7 4,7 3,7 2,4 1,9 2,6 2,2 3,8 3
nh6 59 5,8 4,7 1,7 3 3 3 4,3 2,9
nh18 55 5,2 3,8 2,8 2,9 3 3,1 51 3,2
nh2 53 54 3,8 2,4 3 2,9 3 4 3,8
nh4 52 51 4,2 3,1 3,1 3 2,9 6,5 | #NULL
nh19 4,9 4,9 3 2,9 2,6 2,8 2,5 51 3,2
nhl 4,6 4,6 3,3 2 2,3 2,3 2,1 4,7 3,5
nh15 5 4,8 3,5 2,6 3,2 3 3 3,7 2,5
nh12 4,7 4,5 34 2,6 2,8 2,8 2,9 51 3,6
nh10 4,3 4,9 4,1 2,8 2,6 2,7 2,7 5,6 4,8
nh5 53 54 4,8 3,1 2,9 3,4 3,4 5,7 3,9
nh8 4,4 4,5 3,4 2,9 2,7 2,8 2,6 4,9 3,8
nh16 5 4,9 4,3 2,9 3 3,3 3,2 4,9 3,1
nh20 54 5,3 3,8 2,6 2,8 3,1 3,1 51 2,6
nh7 6,2 6,2 5,7 3,1 2,8 3 3,1 6 53

Baseline 1 Sugar | Hypoglycaemia 1 | Hypoglycaemia| Recovery 1

and level 2 and
Baseline 2 decreases Recovery 2
bslc1= Blood Sugar Level, Cycle 1
bsllc4= Blood Sugar Level 1, Cycle 4
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Table 9: Samples of blood sugar level for diabetipatients. Yellow cells indicate the lowest sugar Vel
of each person.

Diabetic patients
File bslcl | bslc2 | bsllc3 |bsl2c3 | bsllc4 | Bsl2c4 bslch bslc6
dhll 13,6 14,3 3,5 2,5 2,2 2,2 6,5 9,2
dh6é 19,9 19,9 3,6 2,7 2,3 2,3 7,7 11
dh5 14,4 | 14,7 3,1 2,85 2,9 3,2 9,2 12,7
dh12 10,5 9,9 2,6 1,7 2,5 2,5 8,7 11,3
dhl 19,2 18,9 2,8 2 2,1 2,5 8,2 12,9
dh8 20 19,5 3,3 3 2,7 3 8,7 9,6
dh2 16,9 16,4 2,9 2,2 2,3 2,4 7,5 11,3
dh4 13,5 14,7 3,1 3 2,7 3 7,1 9
dh10 9,6 10 2,85 2,6 2,6 2,6 6,6 8
dh7 10,7 11,6 2,6 2,6 2,7 2,5 10,1 13,6
dh3 9,9 10,9 24 2,6 2,4 2 8,7 13,5
dh9 11,9 12,1 2,2 2 2,5 2,6 8,6 12,1
Baseline 1  |Hypoglycaemia 1|Hypoglycaemia 2 Recovery 1
and and
Baseline 2 Recovery 2
bslc1= Blood Sugar Level, Cycle 1
bsllc4= Blood Sugar Level 1, Cycle 4

As each EEG recorded for each patient is aroundusshlong, visual assessment on the
EEG was performed on all the patients to deterrtiieeexactly starting and ending point
for each cycle.
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Data labeling for non diabetic patients.
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Figure 8: Segments of data extracted for each patie 3 sequences and 4 exercises for each sequence.
Sequences: Baseline 1, baseline 2 and maximum hypagemic period. Exercises: Pink=Monitoring.
Green= Alzheimer Quick Test (AQT). Red= Auditory ewked potentials (AEP). Blue=California

Cognitive Assessment Package (CalCAP). Recall thiatr the patient number 10, the monitoring

exercise for the maximum hypoglycaemic period wasat available so it was taken the next segment
with lowest blood sugar level.

Data labeling for diabetic patients.
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Figure 9: Segments of data extracted for each patie 3 sequences with their corresponding 4 exercise

each one. Sequences: Baseline 1, baseline 2 and imaxn hypoglycaemic period. Exercises:

Pink=Monitoring. Green= Alzheimer Quick Test (AQT). Red= Auditory evoked potentials (AEP).
Blue=California Cognitive Assessment Package (Cal(A.
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Data selection

Exercises
Monitoring
AQT
—>
AEF
CALCAF
Files
fil(1) Exercises
r o PSR | seq
uences
Monitorin
fil(2) g
} tnhat Baselinel | AQT
_}
) 5 AEP
. Baseline?2
) CALCAP
file(n)
Hypoglyc.
» nnin) |
Exercises
Maonitoring
AQT
——>
AEP
CALCAF

Figure 10: Scheme of data selection.
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4.1 Artefact extraction
EEG signals include a substantial amount of datiudied by interferences. These
interferences are called artefacts. Artefacts carclbssified in five types depending on
their origin: Cardiac artefacts, Electrode artesadExternal Device artefacts, Muscle
artefacts and Ocular artefacts.

4.1.1 Artefact description

The following table is based in Chapter 4 of thelbtAtlas of EEG patterns” of John M.
Stern [9].

Table 10: Description of artefacts. Table based i€hapter 4 of the book “Atlas of EEG patterns” of

John M. Stern [9].

pf

Different types of artefacts
Name Description Characteristics
Cardiac | The heart produces two types of EEG artefactsCardiac artefacts are time-locked to
artefacts| One consists in an electrocardiogram (ECG) cardiac contractions and are most
channel due to the differences of potential from easily identified by their
the head electrodes to cardiac contractions,|asginchronization with complexes in an
the other arises through the circulatory pulge. electrocardiogram (ECG) channel.
Electrode| Electrode artefacts are due to spontaneousElectrode artifacts usually manifest as
artefacts| discharging of an electrical potential that wasone of two disparate waveforms, bri
present between the electrode and the skin} or transients that are limited to one
due to mechanical disturbances to the electroddectrode and low-frequency rhythms
or its lead. across the scalp region.
External | Numerous types of external devices produce AC: This noise is usually medium tg
Device EEG artefact and may do so through the low amplitude and has the
artefacts electrical fields they generate or through | monomorphic frequency of the curre

mechanical effects on the body. The mosit
common external artefact is due to the
alternating current (AC) present in the electri
power supply.

t

=]

(60 Hz in North America and 50 Hz i

much of the rest of the world). The

calrtefact may be present in all channe

or in isolated channels that include

electrodes that have poorly matche)
impedances.

Electrical devices: high-amplitude,

irregular, polyspike-like, or spike-like
artefact.

Mechanical devices: Slower

=8

o

components than electrical devices.
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Muscle | Movement during the recording of an EEG nl High amplitude and frequency. It may
artefacts| produce artefact through both the electricg appear regular and in the beta
fields generated by muscle and through g frequency band or as repetitive spikes
movement effect on the electrode contacts ¢ if the high-frequency filter (low-pass
their leads. This activity is the most commo filter) is set at 35Hz or less. Without
and significant source of noise in EEG. this filtering, it has a more
disorganized appearance. The duration
of the artefact varies according to the
duration of the muscle activity. Muscle
artefact most commonly occurs in
regions with underlying muscle,
specifically the frontal and tempora
electrodes.
Ocular Most ocular artefacts are due to each eyelsThe amplitude of the artefact decreases
artefacts| inherent 100mV electrical dipole. The dipole|isquickly with greater distance from the
oriented along the corneal-retinal axis and s  orbits. The wave is maximum
positive in the direction of the cornea and| amplitude and surface positive at the
negative in the direction of the retina. The| frontal poles. Repetitive blinks usually
dipole becomes relevant to the EEG recordingppear as a sequence of the slow wave
when it becomes a moving electrical field, as ocular artefacts and thus resemble
occurs with changes in gaze and eye openinghythmic delta activity. It also appears
and closure. Vertical eye movements in lower frequencies.
accompany eye opening and closure with
deviation upward on closure. This is calleg
Bell’'s phenomenon.

In order to build a filter for removing these adetls that are disturbing the useful
information, a meeting with the expert Troels Waé&lj (Department of Neurophysiology.
Rigshospitalet, Copenhagen, Denmark) was arrangesialization of artefacts and a
description of artefact characteristics were pentt. Some examples are shown next.

Electrode artefact Disparate waveform due to patient’s movement #n, electrode
movements.

Channel: 1 Fileznh2  Sequence: sekvenis3  SubdivisionAQT
100 T T T T T | T T
U =
100 I I I I I I I I

9877 9378 9879 9330 9881 9882 988 9884 98385 9336

Time [sec]

Figure 11: Electrode artefact. X-axis represents the in seconds and Y-axis represents 1V. In the fige
is represented 10 seconds of EEG recording.

It can be appreciated that Electrode artefacts npgisent very high amplitudes, and they
can present equally low or high frequency compahent
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Ocular artefact: Eye blinking. High amplitude and low frequencyga.

Channel: 1 Fileznh7  Sequence: sekvens 1 Subdivision: MonitorermgafEEG

-100

a7a2 3783 3784 3785 3786 787 a7ae 3789 3790 3791
Time [sec]

Figure 12: Ocular artefact. X-axis represents timen seconds and Y-axis represents pV. In the figuris
represented 10 seconds of EEG recording.

In order to see the differences between a sigrsuidied by an artefact and the useful
information, one second containing an ocular acted@d one that doesn’t contain it were
extracted and visualize them in the frequency domai

Zhannel: 1
3':":' T T T T T
—With artefact
—Without artefact

240

200

150

100

Energy Spectral Density [|,N2]

50

10 15 20 25 30
Frequency [Hz]

Figure 13: The blue function is the Fourier transfam of one second extracted of an EEG signal
containing an ocular artefact. The red function ighe Fourier transform of one second extracted of an
EEG signal containing undisturbed information.

From the last figure is confirmed that ocular até$ show high energy during low
frequency components (1 — 2 Hz).
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Muscle artefact High amplitude: It occurs, for example, when pagient chews.

Channel: 1 File:nh9  Sequence: sekvens 1 Subdivision: AQT

3870 3871 3872 3873 3874 3875 3876 3877 3878
Time [sec]

Figure 14: Muscle artefact. . X-axis represents tim in seconds and Y-axis represents pV. In the figar
is represented 10 seconds of EEG recording.
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Figure 15: The blue function is the Fourier transfam of one second extracted of an EEG signal
containing a muscle artefact. The red function ishe Fourier transform of one second extracted of an
EEG signal containing undisturbed information.

Muscle artefacts might be more difficult to ideptibecause they look more similar than
the undisturbed EEG signal. But, from the lastrfiggut is seen that they have high energy
in higher frequency components than the undistuBe@ signal.

3874
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4.1.2 Artefact filtering

Frequency domain:

To convert our signals from time domain to frequedomain, Welch’s method has been
used. The signal is split up into overlapping segsieand the overlap is said to be 50%.
After that, individual data segments have a wina@pgplied to them (in time domain). The
windowing of the segments is what makes the Welethod a "modified" periodogram.

A window of 1 second was chosen. Since the sampébte) for the EEG recorded is 200
Hz, the window has a size of 200 samples. Thisevglues us enough frequency resolution
and it also takes a reasonable time to be compUted. is important due to the huge
amount of data available.

As it was shown before, ocular artefacts have weqy components of 1 or 2 Hz, so it
belongs from 200 to 400 samples, and then a winefd®@0 samples may be appropriate.
After doing the above, the periodogram is calcddby computing the discrete Fourier
transform (DFT), and then computing the squarednitage of the result. The individual
periodograms are then time-averaged, which redimesariance of the individual power
measurements. The end result is an array of poweasurements vs. frequency "bin".

Filter No 1: Filter amplitudes above 100 pV

After detailed visual assessment on the EEG sighialsas conclude that EEG signals
amplitude are never above + 100 pV, unless theglactrode artefacts. So a first filter was
made in order to remove artefacts which amplitiglabove £ 100 pV. If an amplitude
signal above £ 100 uV is detected, the filter maheswhole window of 1 second which it
belongs to. And when artefacts are removed itwags kept a continuous window of 2
seconds that does not contain any artefacts.

With this filter, movement and big ocular artefaate removed.

Filter No 2: Filter for ocular artefacts

After detailed examination of sequences contaimiagjar artefacts and sequences without
them, it was concluded that ocular artefacts cankégher energy in 1 and 2 Hz than a
sequence without artefacts (as it appears in Figi@ye

Histograms for all the patients were made to see Hoe energy of 1 and 2 Hz is
distributed. Histograms for the different exerciseere compared. Monitoring and
Auditory Evoked Potential tests the patient is valbhse eyes, so it is expected to have less
ocular artefacts. In the same way, ocular artefastsabundant during AQT (Alzheimer
Quick Test) and CalCAP (California Cognitive Asseesat Packageests because patients
have opened eyes. All the distributions preseneakparound 1 and 2 [fVbut for the
exercises where they have opened eyes it appeatsmgher energy for 1 and 2 Hz.
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Figure 16: Comparison of histograms for the patientNo 4. The figure on the left represents Monitoring

exercise (left) and Alzheimer Quick Test (AQT) exarise (right). Comparing the x-axis it is shown that

during AQT (opened eyes) the spectrum of our signalontains much higher energy for 1 and 2 Hz than
during Monitoring, as it was expected.

A threshold establishing the differences betweesmthn order to remove the artefacts

away it is difficult to determine. This thresholtosild be different for each person, so
generalization has been made for these patienyscagefully. It has been tested by visual

inspection that most of the artefacts have beemven) and there is also a huge amount of
data remaining. It has been also compared how nadath has been removed in the
different sequences (2 baselines and hypoglycaeamd)the amount looks similar. To

achieve a better generalization it is purpose titt bufilter using an adaptable threshold

depending on the energy of each person at each m@sea future work.

Firstly, a mean of the histogram was calculatedefeery histogram of every patient. A
value between 1-8 |Aivas obtained for the exercises with closed eyes,aavalue over it
was obtained for opened eyes exercises. But, yindlé threshold was found out by testing
how much data it was removing and having two qoastinto consideration. The first one,
is it better to have less amount of data but witthér quality? Or in the other hand, is it
better to have as much data as possible even kgdha it still contains some artefacts?

It was preferred to have as much data as posségause hypoglycaemia signs in the brain
could appear just in a few samples, if they apperad, that information can not be missed.
For these reason, and testing the data, the mareen@nt threshold for our data was
established as 40.

Thus, the ocular artefacts filter consists in:

Calculate the sum of the power contained in 1 akid 2or each Fourier transform of every
1 second window.

If this value is over the threshold the 1 seconddew is ruled out, and also the neighbour
windows of each side (remember the overlappinggpkey always continuous segments of
2 seconds (2 continued windows of 1 second).
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In the next figure, it is shown one minute of EE@nal after the ocular filter (10 seconds
each row). Below the signal we can see a colourBlae means it is useful data, and red
means it has been removed. It is shown that tleshiotd is not very strict because there are
still some ocular artefacts remaining, but it ree®wmost of them.

Channel: 1 Fileznh6  Sequence: sekvens 1 Subdivision: Monitorering af EEG
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Figure 17: One minute of EEG signal after the oculgfilter is represented (10 seconds each row). Belo
the signal we can see a colour bar. Blue meansstuseful data, and red means it has been removed by
the ocular filter.

Filter No 3: Filter for muscle artefacts

As it was represented in Figure 15, the segmentaging muscle artefacts has much
higher energy during approximately 45-90 Hz thanoa disturbed segment. For these
artefacts, the same reasoning and procedure thainefocular artefacts were carried out.

Thus, the muscle artefacts filter consists in:

Calculate the sum of the power contained in therual from 40 and 90 Hz for each

Fourier transform of every 1 second window.

If this value is over the threshold the 1 seconddew is ruled out, and also the neighbour
windows of each side (remember the overlappinggpkey continuous segments of 2
windows again.

The threshold was also regulated by testing andaVimspection of the signals, and its
value was estimated to be 2.
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Channel: 1 File:nh6  Sequence: sekvens2  Subdivision: AEP

Figure 18: One minute of EEG signal after the oculaand the muscle filter is represented (10 seconds
each row). Below the signal we can see a colour b&lue means it is useful data, and red means it ba
been removed by the ocular filter. The red circle rarks a muscle artefact that has been removed.

The data were chosen to be filtered in the follgrander:
1. 100 pV amplitude signal filter.
2. Ocular filter
3. Muscle filter
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Figure 19: Structure of the artefact filter.
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Channel: 1 File:nh6  Sequence: sekvens 3 Subdivision: CALCAP

2 b 8 10 12 14 16 18 x 10

Figure 20: Example of 1 minute sequence filtered bthe three different filters. Red circles mark the
data removed by the optical filter. Green circle maks the data removed by the muscle filter. Purple
circle marks the data removed by the 100 uV amplitde signal filter.
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4.2 Noise filter

To avoid aliasing and to reduce the influence asa@nd interference from mains supply
(50 Hz), the EEG signal without artefacts was fdtewith a 45 Hz low-pass filter (squared
window) as we can observe in the following figure:
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Figure 21: Signal without artefacts in frequency dmain (blue color) and filter applied to it in order to
avoid aliasing and noise (red line). It can be seahe noise produced by mains supply (50 Hz).

4.3 Pre-emphasising

With signals such as the EEG which have a larggeanf amplitudes at different

frequencies it is good practice to prewhiten thgnal before analysis (Blackman and
Tukey, 1958). Prewhitening is the process of pterfng a signal so that the amplitudes of
different frequencies fall within approximately ttgame range. This has two main
advantages. Firstly, it ensures that low amplittager frequencies are digitised to the
same resolution as the higher amplitude sloweruagies. Secondly, particularly when
short epochs and hence wide bandwidth filters aesl it avoids the possibility of a large
signal falling within one of the sidelobes, or toeoedge of the main lobe, contributing
more to the filter output than a low amplitude sigim the middle of the main lobe

(passband)[11].

We considered a Butterworth first-order high palsrfwith a cut-off frequency at 4.2 Hz.

The sampling rate is 200 Hz. The recurrence relasipo
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y[n] = -1 *x[n- 1] + x[n] + 0.8760505959 * g} 1] [12]
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Figure 22: Frequency response of the high-pass ft used to preemphasise the EEG-signal. The filtés
a Butterworth first-order high pass filter with a cut-off frequency at 4.2 Hz. The sampling rate is 2D

Hz.
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Figure 23: Spectrum of the EEG signal before and &ér pre-emphasising. The red line represents the
frequency response of the pre-emphasising filter (¢off=4.2Hz).
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4.4 Segmentation

Before extraction of descriptive features, the @mghasised EEG signal was divided into
segments of 2 seconds using a rectangular windouetiaun.

The length of the fixed segments must at leastdmeparable with the wave length of the
lowest frequency of interest, and short enoughnsuee stationarity within the window.
According to Jansen, a window length of 1-5 secdedsuitable, best around 2 seconds.
Levy was able to suggest a preference for shoou(at 2 seconds) segments to indentify
changes in EEG signals more rapidly than any loeggments [2].

4.5 Feature extraction

It has been reported in several documents thatdilypaemia symptoms can be seen as
changes in frequency activity in EEG signals [2546, 13.]. Instead of define segments of
the power spectrum within the conventional freqyenands (see Table 2), it was decided
to analyze the entire frequency spectrum (1 - 4% Without assuming changes in any
range, to have a more general vision and a moraragvstatistical analysis.

Discrete wavelet transform was considered as auusefthod for feature extraction [14,
15], but it means a more complex analysis and é@xjgected that it will not be found any
important differences compare to a more classicalyais.

Finally, the more simple and efficient analysis sists of extracting from each segment 12
parameters that represent the amplitude and thadrey variability.

Root Mean Squared (RMS) amplitude was chosen agrilygparameter that represents the
amplitude information, and the auto-correlation cion represents the frequency
information.

The autocorrelation function is calculated as tkgeeted value of the product of our EEG
signal with a time-shifted version of itself.

With a simple calculation and analysis of the aatoglation function, we can discover a
few important characteristics about our signal.sehieclude:

1. How quickly our random signal changes with respe the time function.

2. Whether our signal has a periodic componenwvérat the expected frequency might be.

N-i-1

Autocorrelation functionr (i) = ano

x(n) x(n+ 1) for 1=0,...p

Normalised Autocorrelation Coefficient&(i) = r(i)r(O) for i=1,..p

During this study we calculate 24 Autocorrelatiaefficients (lags). But then, we selected
12 out of 24 (lag 0, lag 2, lag 4, up to lag 22)wé have into account all the coefficients,
since the sampling rate is 200 Hz, we would be dom too much in high frequency
variations.

To avoid aliasing during downsampling, a previcus pass filter would be needed.
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Lowpass filter
—_—1 Gain=1 > M —
x[n) Cutoff =w/M | X[n] x4[n] =x[nM]
Sampling Sampling Sampling Figure 4.23 General system for
period T period T period T'=MT  sampling rate reduction by M.

Figure 24: Figure extracted from the book “DiscreteTime signal processing”, Alan V. Oppenheim [17].
In our case, M=2.

Since we need a cutoff equaliit2, corresponding to 50 Hz in a continuous sigtied,low
pass filter applied to avoid noise with cutoff elgtea45 Hz (see Section 4.2) also avoids
aliasing during downsampling.

The mean-square value can be found by evaluate@tiocorrelation where =0, that is,
lag 0.

The amplitude information, which is present in gveoefficient, is then removed through
normalisation with lag 0, leaving the auto-cornelatcoefficients for lag 2-22 to represent
only frequency information.

The sets of normalised ACC’s were chosen as featbexause they have proven to
describe the feature space with the highest pedgoos seen from a classification point of
view in [2], compared to the reflection coefficier#nd the prediction coefficients (result of
auto-regressive modelling of a stochastic process).

The RMS-value has been scaled by 3000 to get time smder of size as the normalised
Autocorrelation coefficients.

Mean and variance of Normalized Acc coefficients for: Channel: 1 File:nh1  Sequence: 1.  Exercise: Monitoring.
1.4 T T T T

Mean

Variance | _|

Normalized amplitude

0.6 I I I I

Lags

Figure 25: Mean of the Autocorrelation coefficientgFeatures) extracted for one sequence (baselinel)
and its variance.
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To show frequency changes the sets of features é\@G&ve been transformed into power
spectra using linear prediction, by means of theinsmn Durbin recursion, after reverse
the normalization by lag 0.

Linear prediction consists of estimating futurewes of a discrete-time signal as a linear
function of previous samples. The most common veagdtimate this value is using the
Yule-Walker Auto-Regressive (AR) method, also ahllbe autocorrelation method. It fits
an autoregressive (AR) model to the windowed ingata by minimizing the forward
prediction error in the least squares sense. Tdnswlation leads to the Yule-Walker
equations:

F
S @R(i —j) = —R(j)
1=1

for 1< j < p, where R is the autocorrelation matrix, an@re the prediction coefficients
optimized by minimizing the expected value of theaed error.

The Yule-Walker equations (in matrix formulaticKa = —r) are solved by Levinson-
Durbin recursion.

Frequency response of the prediction coefficients using the first 12 ACC coefficients
25 T T

Abs. Magnitude(dB)

Frequency(Hz)

Figure 26: Example of the Frequency response of thgrediction coefficients for a set of 12 features
(Autocorrelation coefficients).
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4.6 Pattern recognition / Unsupervised learning / C  luster analysis

The field of pattern recognition is concerned wite automatic discovery of regularities in
data through the use of computer algorithms an thi¢ use of these regularities to take
actions such has classifying the data into diffecategories [16].

In the hypoglycaemic case, the set of featuresle@tatraining set) do not have any
corresponding target values (it is not known arpnehat kind of regularities they may
have), so it is called unsupervised learning prokleThe goal in such unsupervised
learning problems may be to discover groups oflam@xamples within the data, where it
is called clustering.

Unsupervised learning was here performed by hibreaitcluster analysis.

Hierarchical clustering is a method of cluster analysis which seeks ttdtauhierarchy of
clusters. Level one corresponds to n clusters evel h to one. Given any two samples x
and x’, at some level they will be grouped togetinethe same cluster, and whenever two
samples are grouped in the same cluster, they netogether at all higher levels.

Strategies for hierarchical clustering generalllyifdo two types:

Agglomerative This is a "bottom-up" approach: each observasi@amnts in its own cluster,
and pairs of clusters are merged as one moveseupéharchy.

Divisive: This is a "top-down" approach: all observatiotestan one cluster, and splits are
performed recursively as one moves down the hieyarc

In this study it has been used agglomerative pnaesd

For every hierarchical clustering there is a cqroesling tree, called dendrogram, that
shows how the samples are grouped.

In order to decide which clusters should be conbi(fer agglomerative), a measure of
dissimilarity between sets of observations is regflii In most methods of hierarchical
clustering, this is achieved by use of an approprieetric (a measure of distance between
pairs of observations), andiakage criteria which specifies the dissimilarity of sets as a
function of the pair-wise distances of observationthe sets.

First of all, each feature vector (12 Autocorrelatcoefficients) extracted for each segment
(2 seconds) form one class, represented by eash adatroid (the mean value vector).

Metric: Having an m-by-n data matrix of Autocorrelatioretfecients R, which is treated
as m (1-by-n) row vectors x1, x2, ..m,XNn=12 features, m= number of segments of 2
seconds) the various distances between the vegtand x has been chosen as the

Euclidean distanceaccording tod, * = (x — x)(% — X)".

Linkage criteria: To generate the hierarchical clustering tree it eeen used the
algorithm known as “Ward linkage”. All the linkagdgorithms to generate the hierarchical
tree are based on different ways of measuring pribxibetween two groups of objects. If
N, is the number of objects in cluster r anrdsnthe number of objects in cluster s, apdsx
the f" object in cluster r, the definitions of these vas measurements are as follows:
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-Single linkagealso callechearest neighbgruses the smallest distance between objects in
the two groups.

d(r,s)=min(dist(x , X)), 0 (i,....n ), j0 (L.

-Complete linkagealso calledurthest neighbgruses the largest distance between objects
in the two groups.

d(r,s) = max(dist(x , % )), I (i,....n ),j0 L,...Q

The minimum and maximum measures represent twermes in measuring the distance
between clusters. Like all procedures that invawmima or maxima, they tend to be
overly sensitive to data placement. This is adwgadas when the true clusters are compact
and roughly equal in size. However, when this isthe case, the resulting groupings can
be meaningless. The use of averaging is an obwaydo ameliorate these problems [19].

-Average linkagauses the average distance between all pairs efctbjn cluster r and
cluster s.

d(r9=—233 dist %, x)

N1 ==
-Centroid linkageuses the distance between the centroids of thetaups.

d(r,s)=d(x, X) , wherex_ :iz x. and x_ is defined similarly.

ioi=l
The centroid method can produce a cluster treeshait monotonic. This occurs when the
distance from the union of two clustens]s, to a third cluster is less than the distance
from either r or s to that third cluster. In thiase, sections of the dendrogram change
direction. This is an indication that you shoul@ asother method.

-Ward linkageuses the incremental sum of squares; that igntrease in the total within-
group sum of squares as a result of joining grougsd s. In short, this method attempts to
minimize the Error Sum of squareg)(df any two clusters that can be formed at eagep. st
The within-group sum of squares of a cluster iangef as the sum of the squares of the
distance between all objects in the cluster anadtéméroid of the cluster.

Initially, Je is O, since every individual is in a cluster of @wn. At each stage the link
created is the one that makes the least increake to

It is given by

d(r,s)=nnd./(n+ n) , whered? is the distance between cluster r and clustefisete

in the Centroid linkage. And;and n are the number of data units within cluster r and
This measure can be interpreted as the square afichease in the error sum of squares if
cluster r and s are merged.

The use of this method tends to favour growth bgiragl singletons or small clusters to
large clusters over merging medium-sized clustévbile the final partition may not
minimize the error sum of squares),(& usually provides a very good starting point fo
further iterative optimization [18-19].
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Examples for Non diabetic patient number 1, momtpexercise, sequence 1 (baseline 1):

DENDROGRAM of Channel: 1 File: 1 Sequence: Baseline 1 Excercise: Monitoring

[ == .

1221 2 72031 9102432 1 5 329 8 62817 4 11 2515 22 30 18 23 13 14 19 27 16 26

Figure 27: Dendrogram of Channel 1, file 1, basela 1, Monitoring exercise.

Number of clusters Vs Distance between them
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Figure 28: Number of clusters Vs Distance betweeimém.
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Mean of the Autocorrelation coefficients grouped in 3 clusters
5 T T T T

Normalized amplitude

0 5 10 15 20 25
Lags

Figure 29: Example of the mean of the Autocorrelatin coefficients when the sequence 1 (baseline 1) of
Non diabetic patient 1 has been grouped in 3 cluste The colours correspond to the mergers
represented in the dendogram using the same colour.

ACCs of Baseline 1 (Non diabetic patient 1) grouped in 3 clusters
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Figure 30: Example of 32 clusters (12 Autocorrelatin coefficients each one) grouped in 3 clusters
marked with different colours (blue, green or red).The colours correspond to the mergers represented
in the dendogram using the same colour.

Frequency response of the prediction coefficients grouped in 3 clusters.
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Figure 31: Frequency response of the prediction cffecients for baseline 1 of Non diabetic patient 1,
grouped in 3 clusters. The colours correspond to thmergers represented in the dendogram using the
same colour.
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5. Detection of hypoglycaemia: Results

From the four exercises, two of them (monitoring &EP) represent rest activity, and the
other two (AQT and CalCAP) represent patients sttkohito a demanding mental task.
Monitoring exercise was selected to represent imtatiuring rest activity, and CalCAP as
the one that shows high brain activity.

From the four pre-processed channels, channel LL@3wvas selected to perform all the
different analysis.

5.1 Data cluster analysis separately for each patie nt

Taking the data from the 3 different sequences:eBas 1, baseline 2 and maximum
hypoglycaemic period, it has been visually analyheav clusters are merged for each
patient and for different number of clusters (frdno 11 clusters). The goal is to visualize
that there are one or more group of clusters whockur more often during the
hypoglycaemia sequence. This means that those ntmtighow patterns related to
hypoglycaemic events.

It will be shown next two examples of individualtigats: Non diabetic person number 19
and diabetic patient number 5. Figures of all pasichave been added to the additional
DVD.

5.1.1 Monitoring exercise

For theNon diabetic person number,1® is found that when the data are grouped in 5
clusters, the clusters number 3 and 5 show strattgrps that occur principally during the
hypoglycaemic period. These are the results ferghtient:

Dendrogram of File number 19. Monitoring exercise (Mon Diabetic)

Distance

Clusters

Figure 32: Dendrogram of file number 19 (Non diabét person).
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File nzumber: 19. Monitoring exercise (Non Diabetic). Number of clusters Vs Distance between them
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Figure 33: Number of clusters Vs distance betweemém using a log scale in both axis.

Non Diabetic patient number 19. Exercise 1 (Monitoring). Frequency response of the prediction coefficients grouped in 5 clusters
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Figure 34: Frequency response of the prediction céfecients grouped in 5 clusters for the Non diabet
patient number 19. The colours correspond with thether figures of this patient, so the red and green
lines represent hypoglycaemic patterns.
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Cluster Number 1

Cluster Number 2
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Figure 35: Data from Non diabetic patient number 19rouped in 5 clusters. X-axis represents the
starting point of the baseline 1, baseline 2 and manum hypoglycaemia period. The five figures
represent the five clusters formed (colours accordg to the dendogram and the other figures of this
person). Clusters number 3 and 5 are formed by clters that only occur during the hypoglycaemia
sequence, so it can be said that this patient shoasme patterns that differ from normal blood glucos

level periods than for the hypoglycaemic period.

For theDiabetic patient numberthese are the figures obtained:

Dendrogram of File number 5. Monitoring exercise (Diabetic)

10

Distance
(52}

Clusters
Figure 36: Dendrogram of the Diabetic patient numbe5.
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File nL{mber: 5. Monitoring exercise (Diabetic). Number of clusters Vs Distance between them
10 T T

10° |

Distance

10t}

10'2 L L L P | L L
10° 10" 10° 10°

Number of clusters

Figure 37: Number of clusters Vs distance betweemém using a log scale in both axis.

Diabetic patient number 5. Exercise 1 (Monitoring). Frequency response of the prediction coefficients grouped in 5 clusters
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Figure 38: Frequency response of the prediction cffecients grouped in 5 clusters for the Diabetic
patient number 5. The colours correspond with the ther figures of this patient, so the green and yeaw
lines represent hypoglycaemic patterns.
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Figure 39: Data from Diabetic patient number 5 groged in 5 clusters. X-axis represents the starting
point of the baseline 1, baseline 2 and maximum hgglycaemia period. The five figures represent the
five clusters formed (colours according to the densyram and the other figures of this person). Clusts
number 2 and 4 are formed by clusters that occur me often during the hypoglycaemia sequence, so it
can be said that this patient shows some patterngadt differ from normal blood glucose level periods
than for the hypoglycaemic period. Cluster number 3s probably noise or artefacts not removed.

One example of clusters that do not show any hymagimic patterns occur for tdeabetic
patient number 4
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Figure 40: Example of a person (diabetic patient nober 4) that does not show hypoglycaemic patterns.
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Every patient has been inspected separately fantivétoring exercise and classified in the
following table, represented by some stars accgrtéiinhow clearly they show different
patterns between normoglycaemia and hypoglycaesgjacsnces.

ORI = No hypoglycaemic patterns are shown.

K = Very few hypoglycaemic patterns are shown for &ore clusters.
FORIOK = Not very clear hypoglycaemic patterns are shtawi® or more clusters.
ORNK = Clear hypoglycaemic patterns appear for 6 orenctusters.

FORK = Hypoglycaemic patterns clearly appear for 3nd more clusters.

Table 11: List of patients classified according tdhow clear they show different patterns between
normoglycaemic sequences (baselines 1 and 2) anghbglycaemic sequence for the monitoring exercise.

Monitoring exercise:
Stars represent how clear a person develops pattdrich occur more often during the
hypoglycaemic sequence.

Patient Number Diabetic patients Non diabetic patiats
1 IOON IORORN
2 IO IO
3 IR IR
4 FORN FORON
5 IR IR
6 IR IR
7 IO IO
8 IO IO
9 IORON IO
10 IO IO
11 IR IR
12 IR IRORN
13 IR
14 IR
15 IO
16 IORN
17 IO
18 IR
19 IRONK
20 IR
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5.1.2 CalCAP exercise
Figures for theNon diabetic person number 19:

Dendrogram of File number 19. CalCAP exercise (Mon Diabetic)
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Figure 41: Dendrogram of Non diabetic person numbed9 for the CalCAP exercise.

File gumber: 19. CalCAP exercise (Non Diabetic). Number of merger of two clusters Vs Distance between them
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Figure 42: Number of clusters Vs distance betweemém using a log scale in both axis.
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Mon Disbefic patient number 19, Exemise 4 { CalCAP ). Freguency esponse ofthe predicton coeficients grouped in & dusters
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Figure 43: Frequency response of the prediction cffecients grouped in 5 clusters for the Non diabeti
patient number 19 for the CalCAP exercise. The colgs correspond with the other figures of this
patient, so the blue and yellow lines represent hygglycaemic patterns.
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Figure 44: Data from Non diabetic patient number 19rouped in 5 clusters for the CalCAP exercise. X-
axis represents the starting point of the baseling, baseline 2 and maximum hypoglycaemia period. The
five figures represent the five clusters formed (dours according to the dendogram and the other
figures of this person). Clusters number 2 and 4 @& formed by clusters that only occur during the
hypoglycaemia sequence, so it can be said that tigatient shows some patterns that differ from norma
blood glucose level periods than for the hypoglycagc period.

Figures for théDiabetic patient number 5:
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Dendrogram of File number 5. CalCAP exercise (Diabetic)
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Figure 45: Dendrogram of Diabetic number 5 for theCalCAP exercise.

File ngmber: 5. CalCAP exercise (Diabetic). Number of clusters Vs Distance between them
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Figure 46: Number of clusters Vs distance betweemém using a log scale in both axis.
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Diabetic patient number 5. Exercise 4 (CalCAP). Frequency response of the prediction coefficients grouped in 5 clusters

30

28

26

24

22

20

18

Abs. Magnitude(dB)

16

14

12

10
0

Frequency(Hz)

Figure 47: Frequency response of the prediction cffecients grouped in 5 clusters for the Diabetic
patient number 5 for CalCAP exercise. The coloursarrespond with the other figures of this patient, &
the green and red lines represent hypoglycaemic gatns.
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Figure 48: Data from Diabetic patient number 5 groged in 5 clusters. X-axis represents the starting
point of the baseline 1, baseline 2 and maximum hgglycaemia period. The five figures represent the
five clusters formed (colours according to the deraram and the other figures of this person). Clusts
number 4 and 5 are formed by clusters that only oea during the hypoglycaemia sequence, so it can be
said that this patient shows some patterns that diér from normal blood glucose level periods than fo

the hypoglycaemic period.

In the same way than for the monitoring exercisegrg patient has been inspected
separately for the CalCAP exercise and classifrethe following table, represented by
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some stars according to how clearly they show diffepatterns between normoglycaemia
and hypoglycaemia sequences.

Table 12: List of patients classified according tdhvow clear they show different patterns between
normoglycaemic sequences (baselines 1 and 2) angbyglycaemic sequence for the CalCAP exercise.

CalCAP exercise:
Stars represent how clear a person develops paitgrich occur more often during the
hypoglycaemic sequence.

Patient Number Diabetic patients Non diabetic patiats
1 FORORR PR
2 PO PR
3 IO YOOK
4 IO OO
5 FOOTK IOOTK
6 IO IO
7 FOORR YOO
8 IR PO
9 IR OO
10 OO YR
11 IR OO
12 AR QAT FOOTK
13 IO
14 OO
15 YOO
16 PR
17 YOO
18 YOOK
19 IR
20 PAOAQATAS
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5.1.3 Monitoring & CalCAP exercises together

After visualization of every patient, some of thehmowed early hypoglycaemic patterns,

just classifying the data in 3 or 4 clusters. Batt 6thers, the symptoms presented were
more limited, and if they appeared, it used to toenf8 or 9 clusters. A threshold of 10

clusters was finally chosen as the best way toalime hypoglycaemic patterns, whether
they appear early or not.

Figures fromNon diabetic person number:19

Dendrogram of Mon diabetic patient number 19. CalCAP and Monitoring exercises.
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Figure 49: Dendrogram of Non diabetic 19 for CalCAPand Monitoring exercises.



Detection of hypoglycaemia: Results 55

Non d;abetic patient number 19. CalCAP and Monitoring exercises. Number of clusters Vs Distance between them
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Figure 50: Number of clusters Vs distance betweemém using a logarithmic scale in both axis.

Non diabetic person number 19. CalCAP and Monitoring Exercises. Frequency response of the prediction coefficients grouped in 10 clusters
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Figure 51: Frequency response of the prediction céfecients for Non diabetic person number 19, for
Monitoring and CalCAP exercises together, groupedni 10 clusters.
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Figure 52: Data from Monitoring and CalCAP exercisefor Non diabetic number 19, grouped in 10
clusters. Colours correspond to the ones of the ddagram and the other figures of this patient. In tls
figure we can appreciate that the differences betves exercises are stronger than the differences

between hypo and normoglycaemia.

Figures fromDiabetic patient number. 5

Dendrogram of Diabetic patient number 5. CalCAP and Monitoring exercises.
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Figure 53:

Clusters

Dendrogram of Diabetic patient 5 for CaCAP and Monitoring exercises.
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Dziabetic patient number 5. CalCAP and Monitoring exercises. Number of clusters Vs Distance between them
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Figure 54: Number of clusters Vs distance betweemém using a logarithmic scale in both axis.

Diabetic patient number 5. CalCAP and Monitoring Exercises. Frequency response of the prediction coefficients grouped in 10 clusters
30 T

Abs. Magnitude(dB)

Frequency(Hz)

Figure 55: Frequency response of the prediction cffecients for diabetic patient number 5, for
Monitoring and CalCAP exercises together, groupedn 10 clusters.
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Diabetic Patient number 5. CalCAP and Monitoring Exercises. Frequency response of the prediction coefficients for the most interesting clusters
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Figure 56: Frequency response of the prediction cfficients for Non diabetic person number 19, for

Monitoring and CalCAP exercises together, for the rast interesting clusters that represent the
differences between hypoglycaemia and normoglycaeai
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Figure 57: Data from Monitoring and CalCAP exercisefor Diabetic number 5, grouped in 10 clusters.
Colours correspond to the ones of the dendogram arttie other figures of this patient. In this figurewe
can appreciate differences between hypoglycaemia@mormoglycaemia.
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5.1.4 Results for individual patients

The conclusions about the graphs of the two prevestamples (non diabetic number 15
and diabetic number 9) are next.

Non diabetic number 19:

Monitoring:

It shows higher amplitude from 15 to 25 Hz activilyring hypoglycaemia compared to
normoglycaemia sequences. It seems that duringghygeeemia the first peak (8-12Hz) is
moved slightly to the left (from 6 to 12 Hz).

CalCAP:
It seems to take place exactly the same than imth@toring analysis.

Monitoring&CalCAP:
Patterns differ more from exercise to exercise (toong to CalCAP) than from normo- to
hypoglycaemia for this person.

Diabetic number 5:

Monitoring:

Higher activity from 15 to 20 Hz and from 8 to 12z Halpha rhythm) during
hypoglycaemia sequence compared to the two norroagigic sequences. It seems that
during hypoglycaemia the first peak (alpha rhytlsmnoved slightly to the left.

CalCAP:
Higher content from 15 to 25 Hz during hypoglycaesequence again.

Monitoring&CalCAP:

In this patient, patterns differ more from normo-hypoglycaemia than from exercise to
exercise (monitoring to CalCAP).

It is easy to appreciate that there is higher aombdi in frequencies from 5 to 20 Hz
(mostly in the range of 8 to 12 Hz (alpha rhythamyl the first peak has been moved again
slightly to the left.

General results after analyzing each patient indindually:

From table 11 and 12 that show how clearly eaclepashow hypoglycaemic patterns, it
has been created the following table, summarizioly many patients develop clear and
early hypoglycaemic pattens, clear but not so edelgs clear, a few of them and non
existing. Doing this for both exercises analyzed.
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Table 13: Summary of how clear patients show hypogtaemic patterns, for both monitoring and
CalCAP exercises.

Monitoring Exercise CalCAP Exercise

Number of Number of Non Number of Number of Non
Diabetic Patients Diabetic Patients Diabetic Patients Diabetic Patients

From this table, some statistics of our group digodis have been calculated.

Table 14: Statistics analyzing how many persons @m our group of subjects) show hypoglycaemic
patterns and how clear they do it.

Monitoring CalCAP
Diabetic Non diabetic Diabetic Non diabetic
% patients who | 10/12 =83% 13/20 =65% 12/12 =100% 8/20 =40%

show some
patterns (1 or
more stars)

% patients who | 6/12 =50% 6/20 =30% 10/12 =83% 3/20 =15%
show clearly
patterns (3 or 4
stars)

According to these results, it can be concluded Diabetic patients develop more
hypoglycaemic patterns (patterns occurring morerofturing the hypoglycaemic sequence
than during the normoglycaemic sequences) thandiadetic patients. The reason seems
to be their many several past hypoglycaemic events.

During CalCAP (exercise where patients are focuddigig some computer exercises), the
differences between Diabetic and Non diabetic apeenmarked. Diabetic patients show
clearer hypoglycaemic patterns and Non diabetieptt almost do not show them. This is
an interesting observation that points in the dioecthat when performing a somehow

demanding mental task during hypoglycaemia, dialmtients (who most likely have had

several previous hypoglycaemia attacks) seems todve affected.
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5.2 Data cluster analysis including different group s of patients

Three different programs have been developed:

1. Including monitoring sequence for all the patiehist show some hypoglycaemic
patterns (one star or more than one in table 1apetic and non diabetic patients
together.

The same than the previous program but for the SRl€xercise (table 12).
Monitoring and CalCAP exercises together includimg patients represented by
two or more stars (tables 11 and 12).

w N

Patients included:
1. Program 1: Monitoring exercise:
* Diabetic patients: 1, 3,5, 6, 7, 8, 9, 10, 11, 12.
» Control patients: 1, 2, 3,6, 7, 8, 12, 13, 14,11A3,18, 19.
2. Program 2: CalCAP exercise:
» Diabetic patients: 1, 2, 3, 4,5, 6, 7, 8,9, 10, 12.
» Control patients: 2, 6, 8, 10, 13, 17, 19, 20.
3. Program 3: Monitoring and CalCAP exercises together
* Monitoring exercise:
o Diabetic patients: 1, 3, 5, 6, 8, 9, 12.
o Control patients: 1, 2, 6, 7, 8, 14, 18, 19.
* CalCAP exercise:
o Diabetic patients: 1, 3,5, 6, 7, 8,9, 10, 11, 12.
o Control patients: 6, 8, 10, 13, 19.

It has been included for each patient the 3 differeequences as before: Baseline 1,
baseline 2 and maximum hypoglycaemic period.

To study individual patients a threshold of 10 t#us was finally chosen as the best way to
visualize hypoglycaemic patterns, whether they apparly or not. In the same way, when
SO many patients are included, more clusters aezlatk to visualize hypoglycaemic
patterns. The optimum number of clusters seleaethese three programs is 20.
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5.2.1 Program 1: Monitoring exercise
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Figure 58: Dendrogram of patients who show some hyglycaemic patterns. Monitoring exercise
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Patients Whosshow hypoglycaemic patterns. Monitoring exercise (Diabetic and Non Diabetic). Number of merger of two clusters Vs Distance between them
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Figure 59: Number of clusters Vs distance betweemém using logarithmic scale in both axis.

Patients who show hypoglycaemic patterns. Monitoring Exercise. Frequency response of the prediction coefficients grouped in 20 clusters
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Figure 60: Frequency response of the prediction cffecients for the monitoring exercise grouped in 20
clusters, for patients who show some hypoglycaempatterns. Colours correspond with the colours
used in the other figures of this program.
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Figure 61: Data from patients who show some hypogtaemic patterns grouped in 20 clusters, for the
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5.2.2 Program 2: CalCAP exercise
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Figure 62: Dendrogram of patients who show some hyglycaemic patterns for the CalCAP exercise.
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Patients Whozshow hypoglycaemic patterns. CalCAP exercise (Diabetic and Non Diabetic). Number of merger of two clusters Vs Distance between them
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Figure 63: Number of clusters Vs Distance betweetném using logarithmic scale in both axis.

Patients who show hypoglycaemic patterns. CalCAP Exercise. Frequency response of the prediction coefficients grouped in 20 clusters
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Figure 64: Frequency response of the prediction cffecients grouped in 20 clusters, for the CalCAP
exercise.
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Patients who show hypoglycaemic patterns. CalCAP Exercise. Frequency response of the prediction coefficients for the most interesting clusters
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Figure 65: Frequency response of the prediction ctfecients of the most interesting clusters for the
CalCAP exercise. Solid lines represent hypoglycaempatterns and dashed lines represent patterns that
take place during every sequence (normo- and hypgglaemic).
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Figure 66: Data from patients who show some hypogtaemic patterns classified them in 20 clusters.
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5.2.3 Program 3: Monitoring & CalCAP exercises toge ther
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Figure 67: Dendogram for patients who show clearlynypoglycaemic patterns for CalCAP and
monitoring exercises together.
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Patients who sgow clearly hypoglycaemic patterns. CalCAP and Monitoring exercises (Diabetic and Non Diabetic). Number of merger of two clusters Vs Distance between them
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Figure 68: Clusters VS distance between them, usiriggarithmic scale in both axis.

Patients who show clearly hypoglycaemic patterns. CalCAP and Monitoring Exercises. Frequency response of the prediction coefficients grouped in 20 clusters
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Figure 69: Frequency response of the prediction cffecients from patients’ data that show clearly
hypoglycaemic patterns. Data has been grouped ifDZlusters.
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Patients who show clearly hypoglycaemic patterns. CalCAP and Monitoring Exercises. Frequency response of the prediction coefficients for the most interesting clusters
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Figure 70: Frequency response of the prediction cffecients for the most interesting clusters. Dashed
lines represents patterns that occur during all thesequences, and solid lines represent hypoglycaemic
patterns.
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Figure 71: Data from patients who show clear hypogkaemic patterns, grouped in 20 clusters.
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5.2.4 Results for groups of patients

5.2.4.1. Results of program 1: Monitoring

The results from this program mainly capture therpatient variability mentioned
in the first chapters. It can be appreciated thatftequency components of some
patients during hypoglycaemia, corresponds to otipatients’ frequency
components during normoglycaemia. Meaning thatinkerindividual differences
in resting activity (alpha rhythm) differ more froperson to person than from
normo- to hypoglycaemia for the same person.

However, it is also showed very slightly, some camnpatterns that occur more
often during hypoglycaemia (See cluster 5 and efu&from Figure 60).

The Prediction Coefficients (PCs) frequency respofigure (Figure 59) mostly
reflects the frequency of the resting alpha rhy{Bri2Hz).

5.2.4.2. Results of program 2: CalCAP

As in the previous case, interpatient variabilgysirongly showed.

A few of common hypoglycaemic patterns are alsegmeed in clusters 9, 10, 15
and 16 from Figure 65.

The frequency response of PCs for clusters 9, B0arid 16 (hypoglycaemic
patterns) and clusters 4, 6 and 13 (patterns tt@iran every sequence and every
patient) has been represented. (See Figure 64)

The dashed lines corresponds to clusters 4, 6 arahd the solid lines correspond
to the hypoglycaemic clusters mentioned above.

It can not be appreciated huge differences betwaemmoglycaemic and
hypoglycaemic clusters, but it seems it starts ppear lower high frequency
(>7Hz) and higher content of 4 to 7 Hz activity,iawill be shown in a clearer way
in the next program.

5.2.4.3. Results of program 3: Monitoring& Cal CAP exercises together

Besides the interpatient variability found in theot previous programs, common
patterns can be more strongly appreciated herethallclusters corresponding to the
third main branch of the dendrogram (if the trees wat keeping 3 different clusters)
show frequency components that occur more oftemgurypoglycaemia sequences
(see Figure 66). These clusters are (from leftightrin the dendrogram): cluster
number 6, 5, 15, 16, 12, 11, 20 (see Figure 70).

It has been plotted the PC frequency response eofchssters: 5, 6, 12, 15 and 16
representing hypoglycaemic patterns, together with clusters 7 and 10 that
correspond to clusters that occur during all segegn(normoglycaemia and
hypoglycaemia). (See Figure 69)

The dashed lines corresponds to clusters 10 anad/tlze solid lines represent
hypoglycaemic patterns.
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It seems to be less high frequency (>7Hz) in tlearchypoglycaemic patterns and a
correspondent higher content of 4 to 7 Hz activity.

Important for all the programs: Even when these patterns stand out in the common
clustering, it is important to emphasize that tdeynot seem to appear for more than a few
patients.
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6. Probabillistic classifier

6.1 Introduction
In the field of machine learning, the goal of clésation is to group items that have similar
feature values, into groups by taking an input @egtand assigning it to one Kfdiscrete
classe<Cy wherek=1, ..., K The input space is thereby divided into decisggions whose
boundaries are called decision boundaries or decmirfaces [16].

In this research, it has been considered a lineadeinfor classification, therefore the
decision surfaces are linear functions of the inpedtor, and hence are defined by 11
dimensional hyperplanes within the 12-dimensinogut space, due to the fact that each
set of features contain 12 Autocorrelation coefts.

Bayes decision theory is a fundamental statistaggbroach to the problem of pattern
classification. This approach is based on the aggamthat the decision problem is posed
in probabilistic terms, and that all of the relevprobability values are known [19].

The classification was based on: the feature vegtektracted for each 2 seconds segment;
the number of classes; the a priori probability anstatistical description for each class.
The a posterior probabilitg(Cy|x) for the object belonging to the claSsgiven the feature
vector x could be calculated from Bayes’ theorer9p

(G, 3 = PHLGIRG)

P(X)
where

PRI =Y BH{G) A Q)

Calculating p(Cy|x) for all classek=1, ..., Kand choosing the class with the largest
probability will give a minimum probability for mislassifications.

It has been assumed that the probability densitgtian p(x|Cy) for each class was a multi-
dimensional normal distribution:

p(x|C) = mexp - 1) (-1 )57 - 7))

-
(zﬂ)dlz‘ik‘
Thus, each class centroid was determined by ther malme vectorzz and the size and
shape by the covariance maffix

Minimum rate classification can be achieved by o$e set of discriminant functions
0,(X), k=1,...,K. The classifier is said to assign a feature vectorclasCy if

g(X)>g (X forall jA.
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For the minimum-error-rate case, we can simplifpdh further by taking, (X) = P((}|_x) ,

so that the maximum discriminant function corregfgono the maximum a posteriori
probability.

A simple case arises when the covariance matrmeslf of the classes are chosen to be
identical. Geometrically, this corresponds to thteagion in which the samples fall in
hyperellipsoidal clusters of equal size and shapehis case, the classification problem
leads to this simple set of linear discriminantdiions, reduced from the basic expression
for the a posteriori probability and using expansiof the quadratic form of the
Mahalanobis distance as measure:

g, (%) = W' OIx+ W
where W =3[
and Wi ==% Djit i_lm

Along with the assumption of a common covariancérima. for all classes, the a priori
probability during this study was equally distribdt The statistical parameterg (and X ;)

for each class are the maximum likelihood estimated the common covariance matBix
was calculated as the pooled covariance matrit92,

6.2 Methodology

In order to develop a general classifier for ouougr of patients, patients who showed
hypoglycaemic patterns during the most completdyarsa(program 3: Monitoring and
CalCAP exercises together) were identified, seaif€ig0, page 68. The diabetic patient
number 6 and the diabetic patient number 9 showpddlycaemic patterns during both
exercises. The diabetic patient number 7 did itrdu€alCAP and the non diabetic patient
number 18 did it during monitoring. The diabetidipat number 3 showed more slightly
hypoglycaemic patterns during monitoring.

From all of them, patient 6 was selected to devehap classifier due to his/her strong
hypoglycaemic patterns presented during the mostrgéprogram.

After grouping patient six’s data in 10 clustertsdacalled classes) (for monitoring and
CalCAP together), as it was done for every indiglduatients, a set of four “super classes”
has been defined.
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Figure 72: Data from diabetic patient number 6 groyed in 10 clusters.

The four classes were created as follows.

1. “Normoglycaemia”: Represents patterns that occurenadten during baselines 1
and baselines 2. Colobtue was assigned to this class.

2. “Everywhere”: Represents patterns occurring duafigsequences. Colour:
was assigned to this class.

3. “Hypoglycaemia”. Represents patterns that occur enaften during the
hypoglycaemic sequences. Coloadwas assigned to this class.

4. “Other”. Represents artefacts not removed, or elgstontaining a few patterns.
Colour blackwas assigned to this class.

These classes consist of:
1. “Normoglycaemi& Consist of patterns from cluster number 3.
2. 2 Consist of clusters number 4, 5 and 6.
3. “Hypoglycaemi& Consist of clusters number 7 and 8.
4. “Other”: Consist of clusters number 1, 2, 9 and 10.

At this point, having the a posteriori probabilifgrobability for a class belonging some
feature vector) of diabetic patient number 6, it ba calculated the a priori probability for
the other persons (probability of belong to ons<lgiven the feature vector). For this aim,
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the mean vectorz of each class has been calculated, as well apdbked covariance
matrixZ .

To calculate the pooled covariance matrix, firgt tovariance matrices for each class have
been calculated. Secondly, multiplying each mdigisthe number of elements of each class
and adding all matrices, another matrix is obtairi@diding the resulting matrix by the
total number of elements, a pooled covariance ligeged. It is a weighted average of the
individual covariance matrices.

Using the mean vector and the pooled covarianceinéte weights of each class were
calculated using the formulation of the previoustisa. With these weights the linear
transformation of the feature vector is calculd@deach class, obtaining the discriminant
function for each class. For each input vector,téredifferent discriminant functions are
calculated, and the input vector is assigned toctags with highest discriminant function
value, which was later classified in four supess&s according to different blood glucose
states.

With this method, the data from all the patients whassified in four classes representing
four blood glucose level states.

As it was expected, the classification for the diabpatient number 6 represents each state
of the patient pretty clearly.

Class 3: Normoglycaemia

1
0.5
0 1l 1 1 1
M1 NA C2 HM HC
Classes 4 + 5 + 6: Everywhere
l _
0.5
0 Ll | |
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Classes 7 + 8: Hypoglycaemia
l .
0.5 7
0 1l 1 l |
M1 M4 C2 HM HC
Classes 1 + 2 + 9 + 10: Other
1 =
0.5 7
0 I |
M1 M4 C2 HM HC

Figure 73: Data from diabetic patient number 6 clasified in 4 “superclasses”. This patient is the one
used to develop the classifier.
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6.3 Results

After classify every patient and visualize evergufie obtained for each one, some
conclusions can be extracted. Obviously the cliessiforks for the diabetic patient number
6 (the one used to create it) and it works somefurswhe diabetic patients 3 and 9. And
maybe it works slightly for diabetic patient num@eand non diabetic patients 17 and 18.

The patients that somehow have a good responge tdssifier correspond to the patients
that showed hypoglycaemic patterns in the programvidere the clustering for every

person for the 2 exercises together (monitoring @alCAP) was performed. The patients
that showed hypoglycaemic patterns in the programef® diabetic patients: 3, 6, 7 and 9.
And non diabetic patient: 18. It can be said tiat tlassifier works for them (for ones

better than for others). These are the correspgnittinres obtained after classifying their

data for these patients (Figures for all patieats loe visualized in the additional DVD).

Diabetic patient number 3:

Class 3: Normoglycaemia

i
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Figure 74: Data from diabetic patient number 3 afte classification in 4 classes.
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Diabetic patient number 7:

Class 3: Normoglycaemia
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Figure 75: Data from diabetic patient number 7 afte classification in 4 classes.

Diabetic patient number 9:

Class 3: Normoglycaemia
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Figure 76: Data from diabetic patient number 9 afte classification in 4 classes.
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Non diabetic patient number 18:

Class 3: Normoglycaemia
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Figure 77: Data from non diabetic patient number 18after classification in 4 classes (there is no dat
belonging to the fourth class).

The main conclusion extracted is that interpatientability is more important that the
differences between normo and hypoglycaemia. It baneasily seen that patterns
representing a normoglycaemic state for one patesmtesent hypoglycaemic patterns for

other patients, as it occurs for the diabetic patreimber 5:
Class 3: Normoglycaemia
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1
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0 | ! ! !
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Figure 78: Data from diabetic patient number 5 afte classification in 4 classes. Hypoglycaemic pattes
for this patient correspond to nhormoglycaemic pattens for diabetic patient number 6 (used to develop
the classifier).

For this reason, a classifier can be developedafemall group of patients with similar
characteristics, but a separate study of eachmpaseneeded. For each patient, typical
hypoglycaemic patterns can be found and thereby ethod to find out when
hypoglycaemia takes place for each individual patean be developed, as well as for a
small group of patients if after study it similaygoglycaemic characteristics are found out.
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7. Conclusions and future work

7.1 Conclusions

For most of the persons, individual characteriptitterns occurring principally during the
hypoglycaemic sequence were found out. For theSenps, it has been observed higher
content of 8 to 12 Hz activity (alpha rhythm) dgitmypoglycaemia and the highest
frequency activity seems to occur from 6 to 10-12 idstead of from 8 to 12 as it occurs
during normoglycaemia.

Diabetic patients develop more hypoglycaemic pastahan non diabetic patients. The
reason may be their many several past hypoglycaements. When performing a

demanding mental task during hypoglycaemia, dialjgdtients seem to be more affected,
and the differences between diabetic and non d@patients are more marked.

The main and most important result obtained isink&rpatient variability. The frequency
patterns of some patients during hypoglycaemiaespond to other patients’ patterns
during normoglycaemia. This means that the intéviddal differences differ more from
person to person, than from normo- to hypoglycadarithe same person.

Even when hypoglycaemic patterns stand out in dmneon clustering, it is important to
emphasize that they do not seem to appear for tharea few patients.

When a group of patients is studied together,ahseto be less high frequency (>7Hz) in
the clear hypoglycaemic patterns and a correspdarndgimer content of 4 to 7 Hz activity.

Due to the strong interpatient variability found during all this research, a classifier can
be developed for a small group of patients withilsintharacteristics, but a separate study
of each patient is needed. For each patient, typygaoglycaemic patterns can be found
and thereby a method to find out when hypoglycaetakes place for each individual
patient can be developed, as well as for a smalumgrof patients with similar
hypoglycaemic characteristics.

These results and conclusions can be classified #ueording to the goals proposed at the
beginning of this research.
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Table 15: Results classified according to the gogtsoposed at the beginning of this research.

Set of goals

Set of results

Find out the differences
between normoglycaemia
and hypoglycaemia state
for each patient during
monitoring exercise.

For most of the persons, individual characterigbatterng
occurring principally during the hypoglycaemic senoce werg
found out. For these patients, it has been obsdmiggrbr conten
of 8 to 12 Hz activity (alpha rhythm) during hypgcghemia and
the highest frequency activity seems to occur forno 10-12
Hz, instead of from 8 to 12 as it occurs duringmnoglycaemia.

If the differences exist,
analyze how
hypoglycaemia affects to
brain functioning for each
different patient and extrag
conclusions and results.

For a group of patients: The main and most importasult
obtained is the interpatient variability. The freqay patterns of
some patients during hypoglycaemia correspond therdt
patients’ patterns during normoglycaemia. This rsetirat the
linterindividual differences differ more from perstm person
than from normo- to hypoglycaemia for the samequers

Find out how
hypoglycaemia affects to
brain functioning for the
CalCAP exercise for each
patient.

The results are the same than for the monitorirggase, but if
can be added that diabetic patients develop mgrediycaemid
patterns than non diabetic patients. The reason Ineayheir
many several past hypoglycaemic events.

Find out if there is some
relation between

hypoglycaemic patterns forand the differences between diabetic and non depetients

different exercises
(CalCAP and monitoring).

Individually: When performing a demanding mentaktaluring
hypoglycaemia (CalCAP), diabetic seems to be méfectad,

are more marked.

For a group of patients it can be said that hypzagynic
patterns stand out in the common clustering, big inportant
to emphasize that they do not seem to appear foe than a
few patients. For these patients it seems to be Hgh
frequency (>7Hz) in the clear hypoglycaemic pateamd a
correspondent higher content of 4 to 7 Hz activity.

Analyze if our conclusions
are valid for a group of

patients and if it is possiblé¢
to do some generalization

Due to the strong interpatient variability foundt @uring all
this research, a classifier can be developed fnall group of

» patients with similar characteristics, but a sefgastudy of each
patient is needed.

For each patient, typical hypoglycaemic patterns lsa found
and thereby a method to find out when hypoglycaetakes
place for each individual patient can be developsdyell as for
a small group of patients with similar hypoglycaem
characteristics.
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7.2 Future work

In the artefact removal part, the optimum thresholdecide which data is valid and which

one it is not, should be different for each persmachieve a better generalization. For this
aim, it is purpose to build a filter using an adapthreshold for each patient, depending on
the energy of each person at each moment.

Referring to the whole data processing and anaigdisis research, the same analysis can
be carried out for the other 2 exercises that hastebeen studied here, and it can be
checked that the AEP exercise is expected to showas results to the monitoring
exercise’s results and the AQT exercise is expecidehave like CalCAP.

The same study can be done for different channelgnalyze how hypoglycaemia is
presented in different parts of the brain.

From the raw data, it can be extracted intermedsaguences (sequences when blood
glucose level decreases and during recovery), Becthere are many intermediate states
that have not been studied here, and they cantiemnclasses represented by other colours
in the classifier.

In this research, patients’ state of the brain baen study while they are sitting and
performing specific tasks. A next close step tg tieisearch would be to run the developed
classifier in the entire raw data, which contaireenartefacts and movements, and analyze
its performance for a more similar situation tad tee.

An important future work must be to analyze thdeddnces existing between the blood
glucose level and how the brain is affected fohegaatient. This analysis can be seen from
different angles: it can be studied how brain fe@ed for the same blood glucose level for
each patient (different patients might have diffierbrain behaviour to the same blood
glucose level), or it can be studied, for patientso show similar brain patterns, which

blood glucose level have at that moment. Since patiknt’s brain is affected in a different

way, the goal would be to try to find these boureabetween patients’ brain behaviour
and blood glucose levels for each patient. And jthento do some generalization for

patients with similar characteristics.
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7B. Conclusiones y trabajo futuro

7.1 Conclusiones

Para la mayoria de las personas, han sido encostpadrones individuales caracteristicos
gue ocurren principalmente durante la secuenciaghipémica. Para estos pacientes, se ha
observado un contenido mas alto de actividad eangjo de 8 a 12 Hz (ritmo alfa) durante
hipoglucemia y la actividad frecuencial mas alteepa ocurrir de 6 a 10-12 Hz, en lugar de
8 a 12 como ocurre durante normoglucemia.

Los pacientes diabéticos desarrollan mas patromEmglhcémicos que las personas no
diabéticas. La razén podrian ser los diversos egdmpoglucémicos que han sufrido en el
pasado. Cuando se encuentran desarrollando umagaeedemanda concentracién mental
durante hipoglucemia, los pacientes diabéticos cpareestar mas afectados, y las
diferencias entre diabéticos y no diabéticos sos mearcadas.

El resultado principal y mas importante obteniddaeyariabilidad entre pacientes. Los

patrones frecuenciales de algunos pacientes dungrdglucemia corresponden a patrones
de otros pacientes durante normoglucemia. Estdfisgmue hay mas diferencias en los

patrones frecuenciales de una persona a otra,@uerdo a hipoglucemia para la misma
persona. Incluso cuando en allustering mas general encontramos patrones
hipoglucémicos, es importante resaltar que séloegpa para unos pocos pacientes.

Cuando un grupo de pacientes es estudiado juntecednaber menos altas frecuencias
(>7Hz) en las funciones que representan clarosmpatrde la hipoglucemia y un contenido
mas alto de actividad en el rango de 4 a 7 Hz.

Debido a la gran variabilidad entre pacientes etmada durante toda esta investigacion, un
clasificador puede ser construido para un pequeafipogde pacientes con similares
caracteristicas, pero es necesario realizar uriesseparado de cada paciente. Para cada
paciente, se pueden encontrar patrones hipogluoéntipicos y por lo tanto, se puede
desarrollar un método para averiguar cuando tiemgrlla hipoglucemia para cada
paciente, al igual que para un pequefio grupo deergas con caracteristicas
hipoglucémicas similares.

Estos resultados y conclusiones pueden ser chdifec de acuerdo a los objetivos
propuestos al principio de este estudio.
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Tabla 16: Resultados clasificados de acuerdo a lobjetivos propuestos al inicio de este estudio.

Conjunto de objetivos

Conjunto de resultados

Descubrir las diferencias
entre los estados de
normoglucemia e
hipoglucemia para cada
paciente durante el
ejercicio de
monitorizacion.

Para la mayoria de las personas, han sido encostgtrones
individuales caracteristicos que ocurren princigadta durant¢
la secuencia hipoglucémica. Para estos pacientes,ha
observado un contenido mas alto de actividad eangjo de 8 4
12 Hz (ritmo alfa) durante hipoglucemia y la actad
frecuencial mas alta parece ocurrir de 6 a 10-12eH4ugar dd
8 a 12 como ocurre durante normoglucemia.

Si estas diferencias existe
analizar como afecta al
funcionamiento del cerebr
la hipoglucemia para cada
paciente y extraer
resultados y conclusiones

NPara un grupo de pacientes: El resultado principainas
importante obtenido es la variabilidad entre péae®n Los
Opatrones frecuenciales de algunos pacientes
hipoglucemia corresponden a patrones de otrosmiasieurante
normoglucemia. Esto significa que hay mas dife@n@n log
patrones frecuenciales de una persona a otra, guemno g
hipoglucemia para la misma persona.

Descubrir como afecta al
funcionamiento del cerebr
la hipoglucemia para el

ejercicio CalCAP para cadd’

paciente.

Los resultados son los mismos que para el ejercis
omonitorizacion, pero se puede afadir que los ptEs
diabéticos desarrollan mas patrones hipoglucémies las
ersonas no diabéticas. La razén podrian servesstis evento
hipoglucémicos que han sufrido en el pasado.

UvJ

Averiguar si hay alguna
relacion entre patrones
hipoglucémicos de
diferentes ejercicios
(CalCAP Yy
monitorizacion).

Individualmente: Cuando se encuentran desarrollamdotared
gue demanda concentracion mental durante hipogiacdos
pacientes diabéticos parecen estar mas afectadasas
diferencias entre diabéticos y no diabéticos sos mercadas.

Para un grupo de pacientes, se puede decir quatesnos
patrones hipoglucémicos en @lsteringmas general, pero ¢s
importante resaltar que sélo aparecen para unas pacientes,

Y

Para estos pacientes, parece haber menos altaserfoias
(>7Hz) en las funciones que representan claro®ompedr de |3
hipoglucemia y un contenido mas alto de actividackrango
de 4 a7 Hz.

Analizar si nuestras
conclusiones son validas
para un grupo de paciente
y si es posible hacer algun
generalizacion.

Debido a la gran variabilidad entre pacientes etnada durante
toda esta investigacion, un clasificador puedesestruido parg
sun pequerio grupo de pacientes con similares caistittas, perd
&£ necesario realizar un estudio separado de eatente.

—

Para cada paciente, se pueden encontrar patropeE®s
hipoglucémicos y por lo tanto, se puede desarrolfamétodg
para averiguar cuando tiene lugar la hipoglucensiea radg
paciente, al igual que para un pequefio grupo dierdas cor
caracteristicas hipoglucémicas similares.

durante
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7.2 Trabajo futuro

En la parte de eliminacion de artefactos, el umpeah decidir qué datos son validos y
cuales no, deberia ser diferente para cada pepssaaonseguir una generalizacion mejor.
Con este propdsito, se propone construir un filtsando un umbral adaptativo a cada
paciente, dependiendo de la energia de cada pezaarada momento.

Con respecto a todo el analisis y procesamientdaties entero de este estudio, se puede
hacer el mismo andlisis para los otros dos ej@xigue no han sido estudiados, y se puede
comprobar que para el ejercicio AEP se espera @&macoesultados similares al ejercicio de
monitorizacién, y para el ejercicio de AQT se eapancontrar un comportamiento similar
al ejercicio CalCAP.

Se puede hacer el mismo estudio para diferentedasary analizar asi cOmo se presenta la
hipoglucemia en diferentes partes del cerebro.

Se pueden extraer secuencias intermedias de los loiattos (secuencias en las que el nivel
de azucar en la sangre decrece y durante la remipe), porque dichos estados
intermedios no han sido estudiados aqui, y puedlenal nuevas clases representadas con
otros colores en el clasificador.

En esta investigacion, el estado del cerebro deémsentes ha sido estudiado mientras
estan sentados y realizando especificas tareapatin proximo a esta investigacion seria
ejecutar el clasificador desarrollado para todos diatos brutos, que contienen mas
artefactos y movimientos, y analizar su comportatoigara una situacion mas parecida a
la vida real.

Un trabajo futuro importante, deberia ser analasadiferencias existentes entre el nivel de
azucar en la sangre y como el cerebro es afec@m@ogada paciente. Este analisis puede
ser visto desde diferentes angulos: Se puede asto@ino el cerebro es afectado para el
mismo nivel de azlcar en la sangre para cada padidistintos pacientes pueden tener
comportamientos cerebrales diferentes para el mswebd de azlcar en la sangre), o puede
ser estudiado, para pacientes que tienen cardic@siserebrales similares, qué nivel de
azucar en la sangre poseen en ese momento. Caraceblo de cada paciente es afectado
de forma diferente, el objetivo seria tratar de oetrar esas fronteras entre el
comportamiento del cerebro de los pacientes y sl nde azlcar en la sangre
individualmente. Y entonces, intentar hacer alggeaeralizacion para pacientes con
caracteristicas similares.
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9. Appendix

Content of the additional DVD:

- Matlab codes and Matlab figures.

- Figures of every single patient.

- Figures of groups of patients analyzed.

- Figures after classify data from every patient.

- Electronic version of the Master Thesis report.

- Important: Only data from diabetic patients belaggio channel 1 has been included in
the programs.
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10. Presupuesto

Gastos generales

Canula intravenosa en una vena ante cubital en @ardebrazos.

Casco EEG vy dos cables ECG precordiales conectadwos grabador digital de
EEG (Cadwell, Kennewick, Washington, USA).

Auriculares conectados a un ordenador que libe¢hmea®s auditivos..

Unidad de presion sanguinea ambulatoria.

Videocamara para grabar los experimentos.

Software para vision de videos.

Disco duro para almacenacion de datos.

Insulina y alimentos azucarados.

Gastos sufragados por

Hillerad Hospital (Dinamarca)
Rigshospitalet (Copenhague, Dinamarca)
University of Copenhagen (Dinamarca)

Madrid, Septiembre de 2009

El Ingeniero Jefe de Proyecto

Fdo.: Maria Riesco Garcia
Ingeniero Superior de Telecomunicacion
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11. Pliego de condiciones

Este documento contiene las condiciones legales gui@an la realizacion, en este
proyecto, de un sistema de deteccion de hipoglucesmi lo que sigue, se supondra que el proyecto
ha sido encargado por una empresa cliente a uneesaponsultora con la finalidad de realizar
dicho sistema. Dicha empresa ha debido desarrofiar linea de investigacién con objeto de
elaborar el proyecto. Esta linea de investigagigntp con el posterior desarrollo de los programas
esta amparada por las condiciones particularesigigente pliego.

Supuesto que la utilizacion industrial de los mésorkecogidos en el presente proyecto ha
sido decidida por parte de la empresa cliente otdss, la obra a realizar se regulara por las
siguientes:

Condiciones generales

1. La modalidad de contratacion sera el concura@djudicacion se hard, por tanto, a la
proposicion mas favorable sin atender exclusivamahtalor econémico, dependiendo de las
mayores garantias ofrecidas. La empresa que sahateyecto a concurso se reserva el derecho a
declararlo desierto.

2. El montaje y mecanizacién completa de los exuipie intervengan sera realizado
totalmente por la empresa licitadora.

3. En la oferta, se haré constar el precio taiakbgue se compromete a realizar la obra y
el tanto por ciento de baja que supone este peecielacion con un importe limite si este se
hubiera fijado.

4. La obra se realizara bajo la direccién técdean Ingeniero Superior de
Telecomunicacidn, auxiliado por el nimero de Ingeys Técnicos y Programadores que se estime
preciso para el desarrollo de la misma.

5. Aparte del Ingeniero Director, el contratistadra derecho a contratar al resto del
personal, pudiendo ceder esta prerrogativa a fd@ldngeniero Director, quien no estara obligado a
aceptarla.

6. El contratista tiene derecho a sacar copiascasta de los planos, pliego de condiciones
y presupuestos. El Ingeniero autor del proyectoraara con su firma las copias solicitadas por el
contratista después de confrontarlas.

7. Se abonara al contratista la obra que realnepetete con sujecion al proyecto que
sirvio de base para la contratacion, a las modificees autorizadas por la superioridad o a las
ordenes que con arreglo a sus facultades le hayanrécado por escrito al Ingeniero Director de
obras siempre que dicha obra se haya ajustadgoadosptos de los pliegos de condiciones, con
arreglo a los cuales, se haran las modificacionawgloracion de las diversas unidades sin que el
importe total pueda exceder de los presupuestobagos. Por consiguiente, el nimero de
unidades que se consignan en el proyecto o ereslijpuesto, no podra servirle de fundamento para
entablar reclamaciones de ninguna clase, salvoserakos de rescision.
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8. Tanto en las certificaciones de obras comadiquidacion final, se abonaran los
trabajos realizados por el contratista a los pseg@ejecucion material que figuran en el
presupuesto para cada unidad de la obra.

9. Si excepcionalmente se hubiera ejecutado dtgbajo que no se ajustase a las
condiciones de la contrata pero que sin embargalmssible a juicio del Ingeniero Director de
obras, se dara conocimiento a la Direccion, prapwo a la vez la rebaja de precios que el
Ingeniero estime justa y si la Direccién resolviaceptar la obra, quedara el contratista obligado a
conformarse con la rebaja acordada.

10. Cuando se juzgue necesario emplear matedagsutar obras que no figuren en el
presupuesto de la contrata, se evaluara su impdoteprecios asignados a otras obras o materiales
analogos si los hubiere y cuando no, se discuginéire el Ingeniero Director y el contratista,
sometiéndolos a la aprobacién de la Direccién.riwgs/os precios convenidos por uno u otro
procedimiento, se sujetaran siempre al establegidel punto anterior.

11. Cuando el contratista, con autorizacion dgéiero Director de obras, emplee
materiales de calidad mas elevada o de mayoresisiomes de lo estipulado en el proyecto, o
sustituya una clase de fabricacién por otra qugat@signado mayor precio o ejecute con mayores
dimensiones cualquier otra parte de las obras,geeeral, introduzca en ellas cualquier
modificacion que sea beneficiosa a juicio del IngenDirector de obras, no tendra derecho sin
embargo, sino a lo que le corresponderia si hubgadi&Zzado la obra con estricta sujecion a lo
proyectado y contratado.

12. Las cantidades calculadas para obras accesauniaque figuren por partida alzada en el
presupuesto final (general), no seran abonadasdomprecios de la contrata, segun las
condiciones de la misma y los proyectos particslaree para ellas se formen, o en su defecto, por
lo que resulte de su medicion final.

13. El contratista queda obligado a abonar alrigge autor del proyecto y director de
obras asi como a los Ingenieros Técnicos, el irmmiwtsus respectivos honorarios facultativos por
formacién del proyecto, direccién técnica y adntmision en su caso, con arreglo a las tarifas y
honorarios vigentes.

14. Concluida la ejecucion de la obra, seré recidagor el Ingeniero Director que a tal
efecto designe la empresa.

15. La garantia definitiva sera del 4% del pressjo y la provisional del 2%.

16. La forma de pago sera por certificaciones maes de la obra ejecutada, de acuerdo
con los precios del presupuesto, deducida la b&gehsbiera.

17. La fecha de comienzo de las obras serd a gartbs 15 dias naturales del replanteo
oficial de las mismas y la definitiva, al afio dééraejecutado la provisional, procediéndose si no
existe reclamacion alguna, a la reclamacion dfezé.

18. Si el contratista al efectuar el replanteseobase algun error en el proyecto, debera
comunicarlo en el plazo de quince dias al Ingeridrector de obras, pues transcurrido ese plazo
sera responsable de la exactitud del proyecto.
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19. El contratista esta obligado a designar unsopa responsable que se entendera con el
Ingeniero Director de obras, o con el delegadoégte designe, para todo relacionado con ella. Al
ser el Ingeniero Director de obras el que integpetiproyecto, el contratista deberd consultarle
cualquier duda que surja en su realizacion.

20. Durante la realizacion de la obra, se giravésitas de inspeccion por personal
facultativo de la empresa cliente, para hacer @mpcobaciones que se crean oportunas. Es
obligacion del contratista, la conservacion dedeaog/a ejecutada hasta la recepcién de la misma,
por lo que el deterioro parcial o total de ellapgue sea por agentes atmosféricos u otras causas,
debera ser reparado o reconstruido por su cuenta.

21. El contratista, debera realizar la obra gula@o mencionado a partir de la fecha del
contrato, incurriendo en multa, por retraso dgdauion siempre que éste no sea debido a causas
de fuerza mayor. A la terminacién de la obra, sé haa recepcion provisional previo
reconocimiento y examen por la direccion técnitdepositario de efectos, el interventor y el jefe
de servicio 0 un representante, estampando surocadiad el contratista.

22. Hecha la recepcion provisional, se certifi@dréontratista el resto de la obra,
reservandose la administracién el importe de Ietogade conservacion de la misma hasta su
recepcion definitiva y la fianza durante el tiengefialado como plazo de garantia. La recepcion
definitiva se hara en las mismas condiciones gpedasional, extendiéndose el acta
correspondiente. El Director Técnico propondra duleta Econémica la devolucion de la fianza al
contratista de acuerdo con las condiciones ecoradntegjales establecidas.

23. Las tarifas para la determinacion de honosarigguladas por orden de la Presidencia
del Gobierno el 19 de Octubre de 1961, se apliceoare el denominado en la actualidad
“Presupuesto de Ejecucién de Contrata” y anteriatendamado "Presupuesto de Ejecucién
Material” que hoy designa otro concepto.

Condiciones particulares

La empresa consultora, que ha desarrollado elmeepeoyecto, lo entregara a la empresa
cliente bajo las condiciones generales ya formusladiebiendo afiadirse las siguientes condiciones
particulares:

1. La propiedad intelectual de los procesos itescy analizados en el presente trabajo,
pertenece por entero a la empresa consultora egppaeka por el Ingeniero Director del Proyecto.

2. La empresa consultora se reserva el derechatdizacion total o parcial de los
resultados de la investigacion realizada para d#karel siguiente proyecto, bien para su
publicacion o bien para su uso en trabajos o ptogquosteriores, para la misma empresa cliente o
para otra.

3. Cualquier tipo de reproduccion aparte dedasfiadas en las condiciones generales, bien
sea para uso particular de la empresa clientereoqou@lquier otra aplicacion, contara con
autorizacion expresa y por escrito del Ingeniemre@or del Proyecto, que actuara en
representacion de la empresa consultora.
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4. En la autorizacion se ha de hacer constarliGagmn a que se destinan sus
reproducciones asi como su cantidad.

5. En todas las reproducciones se indicara stedemcia, explicitando el nombre del
proyecto, nombre del Ingeniero Director y de la B¥aa consultora.

6. Si el proyecto pasa la etapa de desarrolldguaies modificacion que se realice sobre él,
debera ser notificada al Ingeniero Director delyBcto y a criterio de éste, la empresa consultora
decidira aceptar o no la modificacién propuesta.

7. Si la maodificacion se acepta, la empresa ctorsuse hara responsable al mismo nivel
gue el proyecto inicial del que resulta el afadirla

8. Si la madificacion no es aceptada, por el @itty la empresa consultora declinara toda
responsabilidad que se derive de la aplicacioril@eincia de la misma.

9. Si la empresa cliente decide desarrollar im@lstente uno o varios productos en los que
resulte parcial o totalmente aplicable el estudi@ste proyecto, debera comunicarlo a la empresa
consultora.

10. La empresa consultora no se responsabilif@sdefectos laterales que se puedan
producir en el momento en que se utilice la hereatai objeto del presente proyecto para la
realizacién de otras aplicaciones.

11. La empresa consultora tendra prioridad respeotras en la elaboracién de los
proyectos auxiliares que fuese necesario desarpata dicha aplicacién industrial, siempre que no
haga explicita renuncia a este hecho. En este deBer4 autorizar expresamente los proyectos
presentados por otros.

12. El Ingeniero Director del presente proyectna®l responsable de la direccion de la
aplicacion industrial siempre que la empresa comsulo estime oportuno. En caso contrario, la
persona designada debera contar con la autonizeeidmismo, quien delegara en él las
responsabilidades que ostente.



