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Resumen

La presente tesis se centrd en el estudio de interfaces cerebro-maquina (BMI:
Brain-Machine Interfaces) basadas en sefiales electroencefalograficas (EEG) y en
la estimulacién transcraneal por corriente continua (tDCS: Transcranial Direct
Current Stimulation) con el fin de controlar un exoesqueleto de miembro inferior
en tiempo real. Uno de los objetivos principales fue desarrollar una BMI capaz
de detectar en tiempo real la intencién de movimiento o la distincién entre dos
tareas cognitivas motoras. El segundo objetivo fue estudiar una configuracién de
tDCS capaz de mejorar el desempefio en las tareas cognitivas. Y el tercer objetivo
fue controlar un exoesqueleto de miembro inferior utilizando la BMI y la confi-

guracion de tDCS disefiadas.

Inicialmente se evaluaron varios algoritmos y configuraciones de electrodos
para que la BMI disefiada fuera capaz de detectar la intenciéon del pedaleo me-
diante las sefiales EEG del usuario. Posteriormente se decidi6 cambiar de para-
digma y disefio de la BMI para mejorar las detecciones cognitivas que hacia la
BMI. Para ello, se disefiaron BMIs que distinguian entre la imaginacién de dos

tareas cognitivas motoras: la relajacion y ya sea el pedaleo o la marcha.

Para los estudios de la tDCS, se probaron dos montajes diferentes para mejo-
rar el desempefio de la deteccién de la imaginacién de las tareas cognitivas. El
primer montaje fue evaluado con el paradigma de identificar la relajacién y la
imaginacién del pedaleo. Dicho montaje se focaliz6 en sobreexcitar el drea de la
corteza motora donde se encuentra la representacién de las piernas en el cerebro.
El segundo montaje se evalué6 con el paradigma de detectar la relajacién e imagi-
nacién de la marcha. Este montaje se centré en excitar tanto el cerebelo como la

corteza motora donde se encuentra la representacién de las piernas en el cerebro.

Finalmente, se realiz6 una prueba piloto con usuarios sanos que controlaban
un exoesqueleto de miembro inferior en tiempo real con la BMI disefiada a través
de la deteccion de dos tareas cognitivas de imaginacién. Para esta prueba los par-

ticipantes fueron estimulados con el segundo montaje de tDCS. Con este estudio
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se comprobo que la BMI podia distinguir entre dos tareas de imaginacién motora

y que el montaje de tDCS mejoraba el desempefio de la deteccion.
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Abstract

This thesis was focused on the study of brain machine interfaces (BMI) based
on electroencephalographic signals (EEG) and transcraneal direct current stimu-
lation (tDCS) with the aim of controlling a lower limb exoskeleton in real time.
One of the main goals was to develop a BMI capable of detecting in real time the
movement intent or the distinction between two cognitive motor tasks. The se-
cond goal was to study a tDCS configuration capable of improving the cognitive
task performance. And the third goal was to control a lower limb exoeskeleton

using the BMI and the tDCS configuration designed.

Initially several algorithms and electrode configurations were evaluated so
that the BMI designed was capable of detecting pedaling intent by means of the
user’s EEG signals. Afterwards, the paradigm and design of the BMI were chan-
ged in order to improve the cognitive detections of the BMI. With this in mind,
BMIs able to distinguish between the imagination of two cognitive motor tasks

(relaxation and either pedaling or gait) were designed.

For the tDCS studies, two different montages were tested to improve the de-
tection of cognitive motor imagery tasks. The first montage was evaluated with
the paradigm of identifying relaxation and pedaling motor imagery. This monta-
ge focused on overexciting the motor cortex area where the legs are represented
in the brain. The second montage analyzed the paradigm of detecting relaxation
and gait motor imagery. This montage concentrated on exciting both the cerebe-

llum and the motor cortex area where the legs are represented in the brain.

Finally, a pilot test with healthy subjects controlled a lower limb exoskele-
ton in real time with the BMI designed via the detection of two cognitive motor
imagery tasks. In this experiment, participants were stimulated using the second
tDCS montage. With this study, it was corroborated that the BMI could distin-
guish between two motor imagery tasks and that the tDCS montage improved

the detection performance.
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Capitulo 1

INTRODUCCION

1.1. Motivacion

De acuerdo al informe mundial de la discapacidad publicado por la Organi-
zacion Mundial de la Salud (OMS), més de mil millones de la poblacién mundial
vive con algtn tipo de disfuncién de los cuales 200 millones sufren dificultades
severas en su funcionamiento [4]. Una de las principales causas de este tipo de
incapacidad son los accidentes cerebro-vasculares (ACVs) o ictus. Un ACV se
produce por la interrupcién del suministro de la sangre al cerebro y puede ser
provocado por tener presion arterial alta, fibrilacién auricular, colesterol alto en

la sangre, edad avanzada, inactividad fisica o una dieta poco saludable [5]].

En el mundo se producen 15 millones de ACV diariamente [6]. Particularmen-
te en Espafia, segtin la Sociedad Espafiola de Neurologia (SEN), se producen entre
110.000 y 120.000 ictus al afio de los cuales el 50 % mueren o quedan con algin
tipo de discapacidad [7]. Cuando ocurre un ACV, la comunicacién existente entre
el cerebro y el sistema nervioso central que conecta con los musculos para realizar
una tarea motriz puede quedar dafiada [8]. De hecho, tres de cada cuatro perso-
nas que sobreviven al ACV experimentan debilidad en los brazos o las piernas, lo
que provoca disfuncién motriz y esto conlleva a la pérdida de independencia en

tareas cotidianas [7]. Sin embargo, el cerebro es un érgano plastico capaz de ge-
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nerar nuevas conexiones neuronales tras una lesién o recuperar las previamente
perdidas. Esta reorganizacién cerebral, comtinmente conocida como neuroplasti-
cidad, se potencia con las terapias de rehabilitacion y son més efectivas durante

los primeros 6 meses de la recuperacién [9, [10].

La principal motivacion de este trabajo es mejorar el proceso de rehabilitacion
a aquellas personas que han sufrido un ACV que afecta a sus extremidades infe-
riores y que no han podido recuperarse por completo, por lo que contintian con

algtin tipo de disfuncién motora en el miembro inferior.

1.2. Introduccion al estado del arte

Los resultados de usar terapias convencionales como la fisioterapia para resta-
blecer la funcionalidad en las extremidades inferiores afectadas por un ACV, no
son particularmente alentadores [11]. Una nueva técnica de rehabilitacion es el
uso de exoesqueletos. Estos son dispositivos que se acoplan a una extremidad y
asisten el movimiento de dicha parte. Por otra parte, en los tltimos afios, se estdn
desarrollando interfaces cerebro maquina o BMI por sus siglas en inglés (Brain-
Machine Interface) [12]. Las BMIs orientadas a la neuro-rehabilitacién crean un
camino alternativo para controlar la extremidad en cuestién usando las sefiales
cerebrales del usuario para controlar un dispositivo externo como puede ser un
exoesqueleto. De esta manera, a través de las tareas cognitivas cerebrales, el pa-
ciente estd involucrado en generar los comandos que hacen activar el sistema de
control. Se cree que este acoplamiento de BMI y exoesqueletos puede mejorar
la rehabilitacién muscular y neuroldgica del paciente. Este tipo de mecanismos
(BMI + exoesqueletos) afectan al sistema neurolégico mediante la comunicacién
de abajo hacia arriba o bottom up por medio de neuronas aferentes que transpor-
tan los impulsos nerviosos desde los 6rganos sensoriales hasta el sistema nervioso

central y éste al cerebro.

Ademas, se estd investigando como influenciar la actividad cerebral para me-

jorar la funcién motora. Esto involucra comunicacién neuronal de arriba hacia
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abajo o top down por medio de neuronas eferentes que transportan la informacién
desde el sistema nervioso central al mutsculo. Un ejemplo de incidir este tipo de
actividad es mediante la estimulacién transcraneal por corriente directa (tDCS
por sus siglas en inglés, Transcranial Direct Current Stimulation). Esta técnica re-
descubierta hace 15 afios intenta facilitar la reparacion de conexiones neuronales,

perdidas o debilitadas, o generar nuevas tras una lesién neuronal.

Hasta el momento, ambas técnicas, BMIs (con exoesqueletos) y tDCS, se han
estudiado individualmente en el contexto de la rehabilitacién de extremidades en
pacientes con ACVs. La mayoria de los estudios involucran los miembros supe-
riores de los pacientes, y existen pocos que se enfoquen exclusivamente en miem-
bros inferiores [13, 14, 15]. Esto se debe en parte a una mayor dificultad de esti-
mular la parte del cerebro que representa las piernas y a la complejidad mecanica
(y por ende también del respectivo patrén neuronal) de la marcha humana. Adi-
cionalmente, para que las BMIs sean efectivas en terapias de rehabilitacién, se
requiere que funcionen en tiempo real, lo cual presenta otra capa de complejidad
pues pocos estudios se han enfocado en BMIs que verdaderamente funcionen en
tiempo real. Finalmente, dado que se especula que las BMIs [16] y el tDCS [17] in-
dividualmente son beneficiosas para los pacientes con ACVs, es de esperarse que
la combinacién de ambas sea atin més beneficiosa en estos pacientes que quie-
ren restablecer las conexiones entre la actividad cerebral y las funciones motoras
de sus extremidades inferiores. Informacién mucho més detallada de todos estos

aspectos se puede encontrar en el Capitulo 2 de este trabajo.

1.3. Obijetivos de la tesis

La idea de esta tesis doctoral es desarrollar un sistema que en un futuro pueda
ayudar en la rehabilitacién del control motor, perdido o debilitado, de los miem-
bros inferiores de personas que han sufrido un ACV afectando dichas extremi-
dades. El objetivo principal es combinar BMIs (conectadas a exoesqueletos y que

funcionen en tiempo real) y protocolos de tDCS que estén orientados a la rehabi-
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litacién de miembros inferiores. Mds especificamente, los objetivos de esta inves-

tigacion son:

= Disefiar y evaluar BMIs basadas en sefiales electroencefalogréficas (EEG)
capaces de distinguir entre diferentes procesos cognitivos involucrando las
extremidades inferiores. En particular, poder distinguir entre un estado de
relajacién y ya sea la imaginacién de alguna tarea motora, como la marcha

humana o el pedaleo, o la intencién de fisicamente ejecutar ésta misma.

= Desarrollar BMIs capaces de detectar en tiempo real los diferentes procesos

cognitivos estudiados previamente.

= Estudiar y evaluar diferentes montajes de tDCS para la potenciacién de ca-

minos neuronales que controlan las extremidades inferiores.

= Controlar en tiempo real un exoesqueleto de miembro inferior con la BMI
previamente disefiada y aplicar un montaje de tDCS para poder mejorar su

desempefio.

Esta tesis se ha desarrollado dentro del marco del proyecto Associate - Deco-
dificacién y estimulacién de actividad cerebral sensorial y motora para permitir
potenciacion a largo plazo mediante estimulacién Hebbiana y estimulacién aso-
ciativa pareada durante la rehabilitaciéon de la marcha (con referencia DPI12014-
58431-C4-2-R), financiado por el Ministerio de Economia y Competitividad (Plan
Estatal de I+D+I) y por la Unién Europea a través del Fondo Europeo de Desa-

rrollo Regional - FEDER Una manera de hacer Europa.



1.4. Estructura de la tesis

A continuacién se procede a explicar brevemente la estructura de la presente

tesis dividida en cinco capitulos:

= Capitulo 1: Es este primer capitulo se ha definido la linea de investigacion,
se ha explicado la motivacién, un breve resumen del estado del arte y los

objetivos de la tesis.

» Capitulo 2: Los antecedentes que permiten entender mejor el marco de la
tesis y tener un mayor conocimiento y comprensién de esta investigacion.Se
definen qué son los accidentes cerebrovasculares, sus causas, efectos y el
proceso de rehabilitaciéon que se observa a lo largo del tiempo. Ademads, se
da una visién global acerca del cerebro humano y algunas de sus funciones.
Finalmente se describen diferentes técnicas y tecnologias de rehabilitacion
para ser lo més auténomo posible y recuperar una vida normal tras sufrir

un accidente cerebrovascular severo.

= Capitulo 3: Muestra un resumen global de los materiales y métodos emplea-

dos en la investigacion, de los resultados y una discusién de los mismos.

= Capitulo 4: Presenta las conclusiones de la linea de investigacion y trabajos

futuros para que continuar con dicha linea.

» Capitulo 5: Muestra las separatas de los articulos publicados que soportan

la presentacién de esta tesis. Todos ellos son Open Access.

1.5. Resumen de materiales, métodos y discusion de

los resultados

En este apartado se expone un resumen de los materiales y métodos utilizados
en esta tesis. Asimismo, se muestran los resultados obtenidos y una discusién de

los mismos.



1.5.1. Materiales

Durante el desarrollo de la investigacion de esta tesis se han utilizado los si-

guientes materiales:

» Diferentes equipos de registro para adquirir sefiales electroencefalograficas
(EEG): En particular se han utilizado los equipos comerciales Enobio32 y
StarStimR32 de Neuroelectrics. El equipo StarStimR32 también suministra
estimulacién transcraneal por corriente directa (tDCS). Las caracteristicas

de dichos equipos se muestran en el capitulo 3.1.1 y 3.2.1.
= Sistema de captura de movimiento inercial (IMUs).
» Una pedalina utilizada en la aportaciéon R1 (apartado 3.1.1)

» Un exoesqueleto de miembro inferior de la empresa Technaid. Este disposi-

tivo fue utilizado durante la aportacion R3 (apartado 3.2.1).

1.5.2. Meétodos

Se han desarrollado diferentes métodos durante la realizacion de esta tesis. Se

enumeran a continuacion:

= Desarrollo de protocolos para detectar intencién de movimiento e imagina-

cién motora.

» Herramientas matemaéticas empleadas: Transformada de Fourier, filtros es-
paciales y frecuenciales, densidad espectral de potencia y un método desa-
rrollado por los autores nombrado weighted discriminator explicado en el

apartado 3.1.1.

» Herramientas estadisticas: t-test y diferentes modelos de ANOVA.
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1.5.3. Resultados y discusion

Durante el periodo de realizacién de esta tesis, se han obtenido diferentes re-
sultados que permitieron avanzar en esta investigacion. A continuacién se expo-

ne un resumen de los resultados obtenidos y una discusién de los mismos.

= Se han desarrollado y disefiado interfaces cerebro-maquina (BMI) capaces
de detectar la intencién de movimiento y la imaginacién de motora de las

extremidades inferiores mediante el uso de las sefiales EEG de los usuarios.

» Se ha encontrado una configuracion de electrodos tDCS capaz de mejorar el

control de las BMI disefiadas.

= Se han combinado técnicas de tDCS junto con el control en tiempo real de
un exoesqueleto por medio de BMIs que detectan la imaginacién de movi-

miento en extremidades inferiores.

Todos estos resultados obtenidos son prometedores para aplicar estas tecno-
logias en personas que hayan sufrido un ACV y tengan deficiencia motora en el
miembro inferior y puedan mejorar mas rapidamente su proceso de rehabilita-

cion .
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Capitulo 2

ESTADO DEL ARTE

En este capitulo se hace una descripcioén sobre los términos relevantes para
facilitar la comprension de este trabajo. Se exponen las principales causas de ac-
cidente cerebrovascular y las principales tecnologias utilizadas para su recupera-
ciéon. Ademas, se especifican diferentes técnicas de adquisicion de seales cortica-
les y la combinacién de éstas para controlar un dispositivo externo en el campo

de la rehabilitacion.

2.1. Accidente cerebro vascular

El accidente cerebro vascular (ACV) es un evento neurolégico caracterizado
por la falta de circulacién sanguinea a una parte del cerebro con una perdurabi-
lidad de més de veinticuatro horas. Esto priva al cerebro de oxigeno y nutrientes

causando dafio en el tejido cerebral o incluso la muerte [18,[19].

2.1.1. Clasificacién y causas

Existen diferentes formas por las cuales el cerebro puede dejar de recibir flu-

jo sanguineo. Segun esto, el ACV puede dividirse principalmente en dos tipos
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(Figura[2.1):

1. ACV isquémico: Se produce cuando un vaso sanguineo que suministra san-
gre al cerebro queda bloqueado. Las causas mas comunes de este tipo de

ACV son:

» Trombo: Es la formacion de un codgulo sanguineo dentro de una de las

arterias que suministra sangre al cerebro [20].

» Embolia: Es el desplazamiento, a través del torrente sanguineo arterial,
de desechos o particulas que se originan fuera del cerebro hacia las

arterias cerebrales mds angostas provocando su obstruccion [21]].

Figura 2.1: Principales tipos de accidente cerebrovascular: el ACV isquémico se produce por obs-
truccion de un vaso sanguineo y el ACV hemorragico es causado por la rotura de un vaso san-
guineo. Imagen adaptada de Creative Commons stroke por Blausen Medical Communications,
Inc.

2. ACV hemorragico: Se produce cuando un vaso sanguineo se rompe produ-
ciendo un derrame de sangre dentro o alrededor del cerebro creando hin-
chazén y presién en la zona y, por consiguiente, dafiando a las células y

tejidos del cerebro [21]. Las principales clases de este tipo de ACV son:

» Intracerebral: Se origina cuando un vaso sanguineo del cerebro se rom-

pe y se derrama sangre en el tejido cerebral circundante. Esto provoca
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que las células del cerebro mueran y la parte afectada deje de funcionar

[22].

» Subaracnoidea: Se produce cuando una arteria de la superficie del ce-
rebro se rompe y el sangrado se produce entre la superficie del cerebro

y el craneo [23]].
Algunas de las causas del ACV hemorrégico son:

» Hipertension arterial: Es una patologia en que la presién del flujo san-
guineo en la arteria es elevado. Esta presién se mide por medio de dos
pardmetros: tension sistélica y tensién diastélica. Si la tension sistoli-
ca es igual o superior a 140 mm Hg y/o la tensién diastélica es igual
o superior a 90 mm Hg, la tension arterial se considera alta o elevada

24].

» Aneurisma: Es la acumulacién de sangre en forma de globo en las pa-
redes de los vasos sanguineos. Esta protuberancia puede llegar a des-

garrarse provocando un derrame cerebral [25].

» Fistula arteriovenosa: Es una conexién anémala entre una arteria y una
vena. En el sistema circulatorio de una persona sana, la sangre fluye de
las arterias a los capilares y de aqui a las venas. Si se tiene una fistula
arteriovenosa, la sangre pasa de las arterias a las venas directamente,
pasando por alto algunos capilares. Estos capilares «olvidados» reciben

un suministro de sangre inferior [26].

El ACV mads comun en la actualidad es el isquémico, suponiendo alrededor

del 87 % de los accidentes cerebrovasculares [5].

2.1.2. Efectos

Los efectos que puede producir un ACV pueden ir desde la pérdida o cambios
en las funciones auténomas, pérdida o dificultad en la comunicacién, cansancio

y fatiga, cambios emocionales o hasta incluso la muerte. Cuando una persona

11



pierde las funciones auténomas tras un ACV, afecta a diferentes 4reas cerebrales.

Entre ellas estan la insula, amigdala y el hipotalamo lateral [27].

Por otra parte, se ha investigado que entre el 64 % y el 80 % de los pacientes
de ACV con secuelas en la motricidad, vuelven a recuperarla a una velocidad
de marcha menor de 0.8 m/s. Dicha velocidad no es suficiente para poder vivir
una vida normal en la sociedad, ya que por ejemplo, no da tiempo a que puedan

cruzar la calle dentro del tiempo establecido por el semaforo [28].

Seguin datos del estudio nacional de estadistica, el ACV en Espafia es una
causa frecuente de morbilidad y muerte. En el 2014, el porcentaje de morbilidad
se redujo en un 2,77 % respecto al 2012, sin embargo, contintia representando el
14,72 % de la poblacién. Mientras que la tasa mortalidad causada por un ACV, a
pesar de haber disminuido en un 11,32 %, sigue siendo del 27,19 % de la poblacién

(datos ajustados por edad) [29].

2.1.3. Rehabilitacion

Para volver a recuperar una vida normal tras sufrir un ACV, a veces es necesa-
rio volver a adquirir y/o aprender las funciones perdidas y, por ello, es inevitable
pasar por un proceso de rehabilitacién el cual es complejo aunque heterogéneo en
su naturaleza [30]. Las secuelas del ACV vienen determinadas por la localizacién
donde se ha producido el ACV y el tamafio de la lesién. En los primeros seis me-
ses después de sufrir un ACV, el cerebro tiene mayor capacidad pléstica debido a
que sufre una reorganizacion neuronal [31]. Por ello, es el periodo més intenso y

donde hay que hacer mads hincapié en las terapias que se han de realizar.

En la Figura 2.2|se puede ver el proceso de recuperacion de las actividades y

las funciones corporales respecto al tiempo desde que se sufre un ACV.

Durante los primeros dias existe una recuperacién neurolégica espontdnea.
En él, los médicos evaltian la gravedad de la lesion, y si es oportuno, medican al

paciente para que no surja en un futuro cercano otro caso de ACV. Dependiendo
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Figura 2.2: Evolucién temporal del proceso de recuperacién tras sufrir un ACV. Figura adaptada
de Langhorne et. al. [30].

de la gravedad, el paciente tendrd que quedarse unos dias en el hospital bajo
cuidados o sera enviado a casa. A partir de aqui, y si fuera necesario, el paciente
recibird unos cinco dias por semana terapia de rehabilitacion fisica y ocupacional
hasta los 6 meses después de haber sufrido el ACV. Durante los primeros 3 meses
se puede ver en la Figura 2.2|que los avances en la recuperacion del paciente son
maés notables. Una vez pasado los seis meses, ver mejoras conlleva més tiempo y

esfuerzo [32].

2.2. El cerebro humano

2.2.1. Estructura

Cada vez estamos mds cerca de saber como funciona el cerebro humano y su
estructura, sin embargo, éste sigue siendo desconocido. El cerebro humano esté

dividido en 4 16bulos principales segtn su funcién [33]:

= Loébulo Frontal: (Area azul de la Figura Esta situado en la parte ante-
rior, por delante del surco central del cerebro, comtinmente conocido como

surco de Rolando. Esta drea esta relacionada con las funciones motoras, el
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lenguaje, el raciocinio, la resoluciéon de problemas y las emociones.

Lébulo Parietal: (Area amarilla de la Figura Se encuentra por detrds de
la cisura de Rolando y por encima del surco lateral del cerebro, conocido
como cisura de Silvio. Es el encargado de procesar la informacién sensorial
procedente de las diferentes partes del cuerpo como por ejemplo la sensibi-

lidad, el tacto, la percepcion, la presion, la temperatura y el dolor.

Lébulo Occipital: (Area rosa de la Figura Esté ubicado en la zona poste-
rior del cerebro. En este area del cerebro se encuentra la corteza visual, por

lo que es donde se interpretan las imdgenes que vemos.

Lébulo Temporal: (Area verde de la Figura Esta situado por debajo y
detras de la cisura de Silvio y localizado frente al I6bulo occipital. En esta
area se encuentra la corteza primera de la audicién, por lo que el procesa-
miento auditivo se realiza en esta zona. Ademds estd implicado en tareas de

reconocimiento facial y la memoria.

Figura 2.3: Los diferentes 16bulos del cerebro humano. Imagen de Gray H. [34]

En 1909, Korbinian Brodmann realizé una investigacién mds rigurosa sobre

las dreas del cerebro y sus funciones. Dividi6 en 46 regiones la corteza cerebral

segln la estructura y organizacion de las células. Entre ellas se encuentra: la cor-

teza motora primaria, el 4&rea motor suplementario, la corteza premotora, la cor-

teza somatosensorial, la corteza visual primaria y asociativa, la corteza auditiva,

el 4rea de broca, etc.

Posteriormente, en 1951 Wilder Penfield obtuvo una representacién distorsio-

nada del cuerpo humano de la corteza motora primaria y la corteza somatosenso-

rial conocidas como homtinculo motor y homtnculo sensorial respectivamente.
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Esta representacion estd basada en los movimientos de las funciones motoras y
sensoriales de cada parte del cuerpo. Asi por ejemplo, fijdandonos en el homuncu-
lo motor (Figura , la mano tiene un mayor tamarfio que el pie, esto significa
que los movimientos generados por la mano requieren de un control voluntario
més fino, y por ello tiene una representacion cortical mucho mayor [35]. Sin em-
bargo, en el homunculo sensorial, las dreas mds sensibles al tacto, presioén o dolor

del cuerpo son representadas mas grandes.
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Figura 2.4: Homtunculo motor de Penfield. Imagen adaptada de Ayacop [36]

A continuacién, se van a explicar brevemente las areas de la corteza motora

de mayor interés para esta tesis y su localizacién en la Figura

La corteza motora primaria. También conocida como M1, esta drea pertenece
al I6bulo frontal y estd situada en la parte dorsal de la circunvolucién precen-
tral y en la cisura de Rolando. La corteza motora primaria se puede considerar
primaria porque tiene el umbral mas bajo para la licitacién del movimiento al
aplicar una corriente eléctrica, y parece estar relacionada con los movimientos
que conciernen principalmente a nuestros cuerpos. En la capa cinco de esta area,
se encuentran las células Betz, que son las células més largas de toda la corteza ce-
rebral y contribuyen al tracto corticoespinal. Esto quiere decir que estas neuronas

dan lugar a proyecciones en las neuronas motoras inferiores de la médula espinal

15



y el tronco del encéfalo para informar de cuéles son los muisculos concretos que

deben contraerse o relajarse [37].

El 4rea motora suplementaria. Es conocida como SMA por sus siglas en inglés.
Esta 4rea pertenece al 16bulo frontal y se encuentra en el hemisferio derecho justo
en la parte anterior de M1. Regula el tono muscular en movimientos precisos y
tiene una memoria motriz compleja para gestos y comportamientos. Si se sufre

una lesion en esta drea se podria perder la coordinacion de las extremidades [38].

Figura 2.5: Areas de la corteza motora. Imagen sacada de [39].

La corteza premotora. Es conocida como PM por sus siglas en inglés. Esta drea
pertenece al I6bulo frontal y se localiza en el hemisferio izquierdo justo en la parte
anterior de M1. La funcién de esta drea estd atin por descubrir. Sin embargo, hay
estudios que indican que esta 4rea esta asociada a la planificacién de las acciones

o reconocimiento de objetos [40), 4T].

La corteza somatosensorial (S1). Esta drea pertenece al 16bulo parietal, en el gi-
ro postcentral, y es la encargada de recibir estimulos sensoriales como el tacto,
presién o dolor de las diferentes partes del cuerpo [33]. Como se ha dicho ante-

riormente, el homtunculo de Penfield somatosensorial reside en esta region.

El cerebelo. Ademas de estas dreas cerebrales, se ha investigado el cerebelo. An-

tiguamente se creia que el cerebelo s6lo hacia la funcién de la coordinacién de
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movimientos. Sin embargo, en los tltimos afios se ha investigado que el cerebelo
también esta implicado en el aprendizaje de la realizacién de una tarea y en los

procesos cognitivos [42].

La manera en que funciona el cerebelo a la hora de aprender una nueva ta-
rea es mediante la combinacién de érdenes ejecutivas sobre las intenciones de
nuestros movimientos, con la retroalimentacién sensorial sobre la forma en que
nuestro cuerpo se estd moviendo realmente. Esta integracion de la sefial ejecutiva
y la retroalimentacién sensorial es lo que da lugar a las correcciones del compor-
tamiento y del rendimiento instante a instante, como por ejemplo el aprendizaje

de interpretar una nueva pieza de piano [43].

2.2.2. Procesamiento de la informaciéon

Los movimientos realizados de un lado del cuerpo, por ejemplo el derecho,
son gobernados por las células nerviosas del cerebro (también conocidas como
neuronas motoras superiores) pertenecientes al lado contralateral de la médula
espinal, en este caso el izquierdo. Esto implica que en algtn punto las fibras cru-
zan la linea media. A esta via se la conoce como via corticoespinal lateral [44]. El
punto donde se cruzan las fibras se llama decusacién piramidal y se produce en

el bulbo raquideo.

En la Figura 2.6/ se puede ver el flujo de informacién para realizar un movi-
miento con el lado derecho del cuerpo. Las neuronas corticoespinal del hemis-
ferio izquierdo cruzan la linea media en el bulbo raquideo para controlar el la-
do derecho del cuerpo. Ademés, las fibras corticopontinas mandan mensajes al
nucleo pontino que se proyectan en la corteza cerebelosa. Las células Purkinje,
que son las neuronas que se encuentran en el cerebelo, procesan la informacién y
la envian al ntcleo dentado. Para que las salidas del cerebelo impacten los circui-
tos motores superiores, debe haber un cruce de la linea media: una decusacién. En
el nicleo dentado crecen un axones que salen del cerebelo a través del pedtinculo

cerebeloso superior. Algunos de estos axones ascienden y terminan en el nicleo
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ventral lateral del tdlamo. También hay otros axones que alcanzan el ntcleo rojo.
Finalmente, M1 y PM reciben la informacién del tdlamo. De esta manera se cree
que las sefiales de correcciéon de errores pueden modular la salida de la corteza
motora [43].

Neurona corticopontina

Nucleo ventral lateral

Neurona corticoespinal Del tdlamo

Ntcleo rojo

Nucleo dentado \0

———Célula Purkinje

Nucleo pontino 1 ; 5
1 . . Via corticoespinal
Decusacion piramidal

Figura 2.6: Flujo de informacién de las neuronas.

Observando bien la figura, uno puede darse que, por ejemplo, el lado derecho
del cuerpo, es gobernado por el hemisferio contraleteral del cerebro y el hemisfe-

rio ipsilateral del cerebelo.

2.2.3. Plasticidad cerebral

Como ya se ha comentado, el cerebro es un érgano pléstico. Jerzy Konorski
fue el primer neurociencitifico en usar el término plasticidad neuronal en 1948
[45, 46]. La plasticidad cerebral, neuroplasticidad o reorganizacion neuronal son

cambios estructurales del cerebro a lo largo de la vida.

Un estudio realizado por Marasco et. al. [47] investig los cambios corticales
en una rata sana. Mediante estimulacién eléctrica determiné qué areas estaban
asociadas a qué funciones. Posteriormente, se le amputé una pata y pasado un

tiempo se volvié a realizar el mapa cortical. El resultado fue que la regién de-
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dicada a mover esa pata se dividi6 y esas partes se juntaron a otras dreas para

fortalecer dichas funciones, es decir, hubo neuroplasticidad.

Por otra parte, en los tltimos afios se ha estudiado con imagen de resonan-
cia magnética funcional (fMRI) que personas que han sufrido un ACV producen

cambios en los patrones de activacion de las dreas cerebrales [48, 49].

Con todo lo comentado anteriormente, se podria decir que si se sufre un ACV
y queda dafiada una parte del cerebro que impide realizar ciertos movimientos,
con el tiempo, entrenamiento y ayuda externa, se podria reactivar o utilizar una
nueva zona del cerebro para aprender nuevas formas de ejecutar dichos movi-

mientos.

2.3. Técnicas y tecnologias de rehabilitacion

2.3.1. Terapias convencionales

Las terapias convencionales son el método mds antiguo y comtn que tratan
rehabilitar a una persona que ha sufrido un ACV. Las personas mds involucradas
en la recuperacén de la pérdida de movimilidad, afectaciéon del lengaje u otras
alteraciones causadas por el ACV son: enfermeros de rehabilitacion, fisioterapeu-

tas, terapeutas ocupacionales y pat6logos del habla y del lenguaje [50].

Este tipo de terapias se basa en actividades de transferencia o colocacién de
objetos, movilidad de partes del cuerpo que tienen disfuncién motora, como la
marcha o el pedaleo, realizacién de ejercicios de la vida cotidiana y actividades
sociales [51]. Sin embargo, este tipo de terapias muchas veces son insuficientes
ya que las sesiones realizadas a la semana son escasas y pueden producir en el
paciente la pérdida del interés y frustracion ante la falta de progreso y la carencia

de autonomia.
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2.3.2. Interfaces cerebro-maquina

En los tltimos afios, la comunidad cientifica estd investigando nuevos trata-
mientos y tecnologias de rehabilitacion para que el paciente que haya sufrido
disfuncién motora pueda volver a recuperar su independencia [52]. Este tipo de
terapias, utiliza elementos asistenciales, como 6rtesis o proétesis, los cuales favo-
recen y acompafian el control motor de la parte afectada. De esta manera, el pa-
ciente podré realizar tareas que por si solo no puede, dotdndole de una mayor
confianza y autonomia. Sin embargo, como hemos comentado anteriormente, a
veces la lesion es mds grave y se produce bloqueo entre los caminos neuronales
que comandan las 6rdenes del movimiento y el sistema nervioso que ejecuta la

actividad de los musculos, por lo que las 6rtesis o prétesis no son suficientes.

Las interfaces cerebro-maquina (Brain-machine interface o BMI en inglés), me-
diante la decodificacion de las sefiales eléctricas que produce el cerebro, pueden
utilizarse parar generar comandos con el fin de controlar un dispositivo externo.
Es decir, las BMI ofrecen un camino alternativo para gobernar un dispositivo sin

realizar ningtn tipo de movimiento muscular.

= Adquisicién vz
De sefiales Obtencion de
caracteristicas \
Tasificacio Creacion
del modelo
Controlador

Comandos
De control

Dispositivo
externo

Figura 2.7: Esquema de una interfaz cerebro-méquina.

En primer lugar, para poder controlar un dispositivo externo, es necesario
tener un modelo matematico capaz de identificar los diferentes comportamien-

tos o patrones corticales. Esta fase se denomina fase de entrenamiento la cual
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se permite analizar la informacién para relacionarla con la tarea asociada. Para
ello, mediante el uso de equipos especificos, las sefiales cerebrales son registra-
das de manera no invasiva para el usuario mientras esta realizando las tareas.
Estas sefiales corresponden a los impulsos generados cuando se realiza una tarea
cognitiva o de movimiento. Para poder identificar y extraer las caracteristicas que
definen los procesos corticales de interés, es necesario realizar una etapa de pre-
procesamiento en la cual las sefiales son filtradas para eliminar posibles fuentes
de ruido. Una vez generado el modelo matematico, el sistema ya puede deco-
dificar nueva informacioén y clasificar a qué proceso cognitivo corresponde para
asi poder controlar un dispositivo externo. Esta fase se la conoce como testeo. El
dispositivo externo a controlar puede ser desde una pelota en una pantalla [53]

hasta mecanismos asistenciales como los exoesqueletos [54].

Este tipo de mecanismos ayuda en el proceso de rehabilitacion de los pacientes
porque estdn mds involucrados en sus terapias y van generando y modulando

nuevos caminos neuronales para superar la lesion [55] 56].

2.3.2.1. Técnicas de adquisicién de sefiales

Existen diferentes técnicas de adquisiciéon de los impulsos eléctricos que se
produce entre las neuronas. Estos sistemas se dividen principalmente en dos

grandes grupos: invasivos y no-invasivos.

Los procedimientos invasivos requieren de cirugia para implantar el electro-
do en la superficie del cerebro o dentro de éste. La gran ventaja de este tipo de
sistemas es que tienen una resolucién espacial muy alta, por lo que se puede apre-
ciar con mayor precision y calidad la sefial cerebral generada. Sin embargo, una
vez implantado el electrodo, éste puede generar bioincompatibilidad o con el pa-
so del tiempo moverse, perdiendo de esa manera la eficacia y siendo necesario
volver a realizar una intervencién para colocar otro el electrodo en el sitio corres-
pondiente y realizar otra vez la etapa de entrenamiento con dicho electrodo. Este

tipo de operaciones puede generar infecciones y dafio tisular. Ademads, este tipo
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Figura 2.8: Técnicas de adquisicién directa de las sefiales cerebrales. SUA: Registro de unidad-
celular (single unit-activity en inglés). LFP: Potencial de campo local (local field potential en
inglés), ECoG: Electrocorticografia, MEG: Magnetoencefalografia, EEG: Electroencefalografia.

de sistemas conlleva problemas éticos que a dia de hoy estan por resolver.

Los procedimientos no-invasivos no requieren de cirugia y los electrodos se
colocan en la superficie del cuero cabelludo. Por esta razén, la resolucion espacial
es muy baja, perdiendo calidad de la sefial. Sin embargo, el tiempo de colocacién
y su coste es mucho menor que los sistemas invasivos, ademds de evitarse los

problemas éticos que los anteriores plantean.

La Figura 2.8l muestra un esquema de diferentes técnicas de adquisicion direc-
ta de las sefiales cerebrales. En ella, se pueden ver las ventajas e inconvenientes
de cada una de ellas. A continuacién se van a describir brevemente el funciona-

miento de cada técnica.

Registro de unidad-celular (SUA, por sus siglas en inglés). Esta técnica de
registro adquiere la actividad eléctrica de una sola neurona. Para ello, el electro-
do ha de ser implantado dentro del cerebro. Para poder realizar la medida, la
punta del electrodo ha de estar en el medio extracelular de la neurona teniendo

cuidado de no colocarlo en el ntcleo de ella. La sefial que se obtiene son pulsos
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eléctricos que son generados cuando la neurona trata de comunicarse con otras
neuronas. Uno de los principales problemas de esta técnica, a parte de la cirugia
necesaria para implantar el electrodo, es lo costoso de grabar la actividad de una
sola neurona; el electrodo se va moviendo conforme pasa el tiempo porque los
tejidos reaccionan ante el electrodo y por ello el cerebro reacciona con un ligero

movimiento.

Normalmente, este tipo de registro se hace en investigaciones con animales
como ratas, gatos o primates no humanos con el objetivo de entender mejor el

funcionamiento del cerebro limbico [57, 58], 59].

Potenciales de campo local (LFP, por sus siglas en inglés). Esta técnica no
mide la accién potencial. Mds especificamente miden los potenciales excitatorios
(EPSP, por sus siglas en inglés) e inhibitorios (IPSP, por sus siglas en inglés) pos-
tsindpticos de una poblacién de neuronas. Se produce EPSP cuando los iones
positivos (i.e. Na) fluyen hacia dentro de la neurona produciendo una depolari-
zacién de la membrana. Esto resulta en mds facililidad producir una accién poten-
cial. IPSP sucede cuando los iones negativos (i.e. K+) fluyen hacia fuera generan-
do hiperpolarizacién de la membrana, lo que resulta que sea mas dificil producir
una accién potencial. Para implementar esta técnica, se inserta en el cerebro una
matriz de electrodos. Dicha matriz puede tener diferentes longitudes de electro-
dos para poder registrar la actividad de diferentes profundidades del cerebro. La
Figura 2.9 muestra la implantacion de un vector de electrodos LFP. Como el ce-
rebro es un érgano flexible, es necesario insertar la matriz de electrodos con un

golpe seco para que se clave al instante produciendo el minimo dafio.

Electrocorticografia (ECoG). Esta técnica también es invasiva, ya que se colo-
ca una malla con electrodos que han de ir sobre la superficie del cerebro (Figura
2.10). Las principales contribuciones las realizan los potenciales sindpticos de las
neuronas piramidales. Este procedimiento es menos invasivo que los dos anterio-
res, tiene mayor estabilidad y la adquisicién de las sefiales es mds facil. Debido
a la ubicacién de la malla de electrodos, la resolucién espacial es menor que las

anteriores pero tiene una buena calidad de sefial al estar cerca de las neuronas.
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Figura 2.9: Implantacién de un vector de electrodos para medir potenciales de campo local (LFP).
Imagen sacada de [60]

Este sistema se usa para definir zonas epilépticas.

Figura 2.10: Electrocorticografia (ECoG). Imagen sacada de [61]

Magnetoencefalografia (MEG). Es una técnica no invasiva que registra la ac-
tividad cerebral mediante campos magnéticos a través de unos sensores llamados
SQUID. Las medidas han de realizarse en total aislamiento y sobre las neuronas
piramidales ya que en ellas se producen la mayor actividad cortical [62]. Las prin-
cipales desventajas es que no es portable, tiene un coste elevado, baja resolucién
espacial y relacion sefial-ruido. Sus principales ventajas es que es fécil de grabar
las sefiales, no implica riesgo médico y es no-invasivo. En la Figura se pue-

de apreciar las dimensiones del equipo para poder registrar la actividad cerebral
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mediante esta técnica.

Figura 2.11: Magnetoencefalografia (MEG). Figura del National Institute of Mental Health, Natio-
nal Institutes of Health, Department of Health and Human Services [63].

Electroencefalografia (EEG). Esta técnica no-invasiva (Figura es la més
barata y portable que existe hoy en dia. Por ello, es la més utilizada en la comuni-
dad cientifica. Se basa en la exploracién neurofisiolégica cuyos principios residen
en el registro de la actividad bioeléctrica cerebral por medio de unos electrodos
que se colocan en la corteza cerebral. Los electrodos registran la diferencia de po-
tencial causadas por los potenciales postsindpticos en la membrana celular de las
neuronas corticales. Debido a las propiedades mitigantes del craneo, la actividad

cortical generada produce un voltaje registrable desde el cuero cabelludo [64].

De acuerdo al sistema internacional, existen dos modelos estandarizados de la
distribucion de los electrodos: el 10-10 y el 10-20. E1 10 y el 20 se refieren a que las
distancias reales entre electrodos adyacentes son del 10 % o del 20 % de la distan-
cia inion a nasion o de derecha/izquierda del craneo (Figura [65]. Por otra
parte, existen dos diferentes tipo de electrodos, los electrodos hiimedos o de gel
y los secos. Los electrodos htimedos han de ser utilizados con una solucién salina
que mejora las propiedades conductivas entre el cuero cabelludo y el electrodo.

Los electrodos secos no requieren de ningtin gel ya que entra en contacto directa-

25



Figura 2.12: Electroencefalografia (EEG).

mente con el cuero cabelludo. Sin embargo son menos robustos y més propensos

al ruido que los electrodos de gel, por lo que la calidad de la sefial es menor.

Figura 2.13: Sistema Internacional A) 10-20 y B) 10-10 de electrodos. Imagen adaptada de

Las sefiales de EEG se describen en términos de ritmos corticales. Estos se
dividen en bandas definidas por rangos de frecuencia. Existen 5 bandas de fre-
cuencia: delta (<4 Hz), theta (4-7 Hz), alfa (8-15 Hz), beta (16-31 Hz) y gamma
(>32 Hz) [67]. Dependiendo del paradigma ejecutado durante el EEG, las bandas

de frecuencia asociadas a la respuesta neurolégica sufren mas cambios que otras.

Existen diferentes compafiias que se dedican a fabricar equipos de registro
EEG. Los equipos que mas se utilizan provienen de: g.Tec, Brain Products, Emotiv

o Neuroelectrics.
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g-Tec: Esta empresa se dedica a fabricar diferentes tipos de electrodos, ampli-
ticadores de sefial y software. Particularmente, el equipo g.USBamp registra con
resolucion de 24 bits a una frecuencia de muestreo maxima de 38,4 kHz. Tiene
incorporado un filtro Notch para eliminar el ruido debido a la corriente eléctrica,
un pasa banda y admite tanto electrodos pasivos como activos. Ademds, permite
comprobar la impedancia generada entre el electrodo y el cuero cabelludo. Sin
embargo, este sistema no es inalambrico (Figura 2.14/A). Se pueden seleccionar
hasta 32 canales; en particular, el G.UMBamp registra 16 canales pero se puede
combinar con varios equipos hasta conseguir el nimero de canales deseados, ob-

teninedo las sefales sincronizadas.

Brain Products: Uno de los equipos més conocidos de esta empresa es el acti-

CHamp. Este sistema se compone de dos médulos, un amplificador y la bateria.
Tiene una resoluciéon de 24 bits y puede registrar hasta 100 kHz de frecuencia
de muestreo con electrodos activos. Este sistema tampoco es inaldmbrico (Figu-
ra [2.14/B). Sin embargo, el sistema MOVE, convierte al anterior en un sistema
inalambrico (Figura 2.14.C). Con este equipo se puede medir la impedancia ge-
nerada entre el electrodo y el usuario. Se pueden seleccionar 32 canales, sin em-

bargo, se pueden combinar equipos, consiguiendo hasta 160 canales .

Emotiv: Registra con una resolucion de 14 bits a una frecuencia de muestreo de
2048 Hz. Tiene incorporado un filtro Notch para eliminar el ruido que genera la
corriente eléctrica y un pasa banda. Los electrodos funcionan con solucién salina
y s6lo dispone de 14 canales. Este sistema es inalambrico (Figura 2.14D). Com-
parando este sistema con los equipos anteriores, es muy barato pero la calidad de

la sefial es mas baja.

Neuroelectrics: El equipo mds conocido de esta empresa es el Enobio 32 el cual

registra con resolucién de 24 bits a 500 kHz de frecuencia de muestreo. Utiliza
electrodos secos o htimedos ya sea usando solucién salina o gel. Este sistema no
mide impedancias pero tiene un pardmetro que mide la calidad de la sefial que
se estd registrando. Este sistema es inaldmbrico y dispone de 32 canales (Figura

E). Por otro lado, recientemente han empezado a comercializar una nueva
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Figura 2.14: Equipos de adquisicion de sefiales EEG. A) Equipo g.USBamp de
g. Tec. Fuente: http:/ /www.gtec.at/Products/Hardware-and-Accessories/g.USBamp-
Specs-Features. B) Equipo actiCHamp de Brain Products. Fuente:
http:/ /www.brainvision.com/actichamp.html. C) Equipo MOVE de Brain products.
Fuente: http://www.brainproducts.com/productdetails.php?id=40. D) Equipo Emotiv.
Fuente:http:/ /mint.fh-hagenberg.at/?p=3483. E) Enobio 32 de Neuroelectrics. Fuente:
https:/ /www.neuroelectrics.com/products/enobio/enobio-32/. F) StarStim de Neuroelec-
trics.

version, el equipo StarStim, que ademas de incluir todas las prestaciones anterio-

res, puede funcionar por cable y puede estimular eléctricamente en los 32 canales

(Figura F).

En la presente tesis, se han registrado las sefiales eléctricas del cerebro me-
diante EEG con los equipos Enobio 32 y el StarStim. El funcionamiento de ambos

sistemas se explicardn maés en detalle en siguientes apartados.

2.3.2.2. Potenciales evocados

Un potencial evocado es una respuesta del sistema nervioso a la apariciéon de
cierto estimulo externo. Su amplitud es baja, del rango de microvoltios. Por ello,
un evento individual, es dificil de detectar, por lo que se requiere analizar la me-
dia de multitud de ellos. Estos eventos se pueden medir a distintos niveles: corte-
za cerebral, espina dorsal o nervios periféricos. Los potenciales evocados pueden
utilizarse, entre otros, en el control de dispositivos externos o en el diagndstico

de patologias. Existen diferentes tipos de potenciales evocados:
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= Potenciales evocados visuales (en inglés Visual Evoked Potential, VEPs): Un po-
tencial visual es una respuesta del cerebro a un estimulo externo de tipo
visual, por ejemplo, flashes o luces. Esta respuesta visual se suele localizar
sobre la corteza occipital del cerebro. Los VEPs se usan principalmente para
medir la integridad funcional de las vias visuales desde la retina a través
de los nervios 6pticos hasta la corteza visual del cerebro; es decir, medir el
tiempo de respuesta entre el estimulo y la respuesta cerebral [68]. Este tipo
de potenciales son muy ttiles en diagndstico y monitorizacion. El ejemplo
mdés comun que utiliza este tipo de potencial, es el P300. EI P300 es una
deflexién positiva de voltaje que se produce 300 ms depués del estimulo
visual. La persona esta sentada enfrente de un ordenador que contiene una
matriz con diferentes opciones. El usuario se ha de fijar en una de esas op-
ciones mientras se van produciendo flashes en una fila y una columna. El
punto de interseccién de dichos flashes es la opcién a resaltar. Cuando di-
chos flashes coincide con la elegida por el usuario, es cuando se produce la

respuesta ’300.

= Potenciales evocados auditivos (en inglés Auditory Evoked Potentials, AEPs): Un
potencial auditivo genera cambios en la actividad cortical a causa de un
estimulo auditivo. Consisten en deflexiones positivas y negativas del po-
tencial tras el estimulo. Existen tres tipos de respuesta en base a la latencia:
alta (los primeros 10 ms), media (de 10 a 80 ms) y lenta (de 80 a mas de 500
ms) [69]. Entre sus usos se encuentran estudios sobre el anélisis de audicion

de nifios recién nacidos, desorden auditivo o demencia [70, 71, 72]

= Potenciales evocados somatosensiorales (en inglés somatosensory evoked potential,
SSEPs): Un potencial somatosensorial es un estimulo generado por la exci-
tacion de los nervios periféricos. Este tipo de potenciales ha estudiado con-
siderablemente la respuesta de transmisién de los nervios aferentes hasta la
corteza motora en diferentes enfermedades estimulando el nervio mediano.
Si por el contrario se desea evaluar anormalidades en la médula espinal, se
suele utilizar la estimulacion del nervio tibial [73]. E1 SSEP se ha usado,
entre otros, en pacientes con escoliosis, monitorizacién de la aorta toracoab-

dominal y operaciones de cervicales [74} 75, 76].
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2.3.2.3. DPotenciales relacionados con eventos

Un potencial relacionado con eventos (en inglés event-related potential, ERP)
es la respuesta electrofisiolégica de un evento especifico sensorial, cognitivo o
motriz [77]. Este tipo de potenciales es muy habitual en sistemas de control vo-
luntario de una BMI. Existen dos grandes grupos en funcién del tipo de tarea a

realizar:

= Ritmos sensoriomotores (en inglés Sensorimotor Rhythms, SMR): son fluc-
tuaciones de potencia respecto a una linea base en las banda de frecuen-
cia alpha (8-13 Hz) y beta (14-30 Hz). Estos ritmos sensoriales se producen
cuando se va a ejecutar una tarea motora (en inglés motor execution, ME) o
se imagina dicha tarea (en inglés motor imagery, MI) ya que ambos activan
caminos neuronales comunes [78]]; y como se ha visto anteriormente, se ge-
neran en el hemisferio contralteral del mismo. Estos fenémenos se conocen
como sincronizacién/desincronizacién de eventos relacionados (en inglés
event-related synchronization and desynchronization, ERS/ERD). Por con-
vencion se establecié que las fluctuaciones negativas correspondian a ERD

mientras que las positivas a ERS [79].

= Potenciales corticales lentos (Slow Cortical Potentials en inglés, SCPs): son
cambios lentos de potencial en la membrana de las dendritas corticales a
causa de la intencién de la realizaciéon de un evento [80]. Se producen en la
banda delta (<4 Hz) y se caracterizan por durar desde 300 ms hasta varios
segundos [81]. Los sistemas BMI basados en este tipo de potenciales tienen
un baja eficiencia y altos falsos positivos debido ha que hay que esperar al

menos una duraciéon completa del potencial para poder detectarlo.

2.3.3. Técnicas de neuromodulacion

Las técnicas de neuromodulacién méds comunes hoy en dia son: la estimula-

cién profunda del cerebro (en inglés deep brian stimulation, DBS), la estimulacién
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magnética transcraneal (en inglés transcraneal magnetic stimulation, TMS) y es-
timulacion transcraneal por corriente (en inglés transcraneal current stimulation,

tCS).

2.3.3.1. Estimulacién profunda del cerebro (DBS)

Esta técnica de neuromodulacién consiste en la implantacion de un disposi-
tivo médico en el cerebro que manda impulsos eléctricos a partes especificas del
cerebro a través de electrodos implantados. Estd conformado por tres elementos:
el electrodo, la extension y el neuroestimulador. El neurostimulador estd dentro
de una carcasa de titanio y envia pulsos eléctricos al cerebro. Normalmente, este
dispositivo estd ubicado debajo de la clavicula. El electrodo es un cable aislado
delgado y aislado que se conecta al neuroestimulador por medio de la extension.
El electrodo pasa por debajo de la piel desde la cabeza, pasando por el costado
del cuello a la oreja hasta el neuroestimulador (Figura [82]. Esta técnica trata
enfermedades como el Parkinson, distonia, dolor crénico, depresiones, trastornos

obsesivos compulsivos y el sindrome de Tourette [83].

tectrodo

<

Neuroestimulador
—

i1

A

Figura 2.15: Estimulacién profunda del cerebro (DBS). Imagen adaptada de [84] licencia de Crea-
tive Commons Attribution 3.0 Unported.
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2.3.3.2. Estimulacién magnética transcraneal (TMS)

Esta técnica no invasiva se basa en producir pulsos eléctricos a través de un
campo magnético generados por una bobina (Figura[2.16). El principio fisico que
sigue esta técnica es la induccién electromagnética descrito por M. Faraday que
dice: « La variaciéon temporal del flujo del campo magnético que atraviesa la su-
perficie limitada por una espira conductora, induce en esta espira una corrien-
te eléctrica conocida como induccién magnética» [85]. El circuito bésico de esta
técnica estd formado pro un condensador, un tiristor, una resistencia y una bobi-
na(Figura [2.17). El funcionamiento de este circuito es el siguiente: el capacitor se
carga generando el cierre del circuito. Debido a ese cierre, se produce flujo de co-
rriente que llega a la bobina produciendo una sefial senoidal. Después de un ciclo
se apaga [86]. Los pardametros mds importantes de esta técnica es la orientacién
de la bobina y la intensidad. Para saber dénde se ha de posicionar la bobina, hay
que encontrar el punto caliente (en inglés hot spot) que es el punto de maxima
respuesta antes el estimulo. Posteriormente, para saber qué intensidad se ha de
aplicar, hay que determinar el umbral motor de reposo que es la corriente minima
necesaria para producir una respuesta [87]. Los principales usos de esta técnica

es para tratar depresiones y migrafias [88,89].

Figura 2.16: Estimulacién magnética transcraneal (TMS). Figura del National Institue of Health
[20]
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Figura 2.17: Circuito de funcionamiento de estimulacién magnética transcraneal (TMS).

2.3.3.3. Estimulacién transcraneal por corriente (tCS)

Es una técnica que tiene como finalidad modular el potencial de reposo de las
neuronas y, por consiguiente, la excitabilidad cortical, a través de un minimo de
dos electrodos: dnodo y catodo [91]]. Hay tres tipos de tCS: por corriente direc-
ta (transcranial direct current stimulation en inglés, tDCS), por corriente alterna
(transcranial alternating current stimulation en inglés, tACS) y ruido aleatorio
(random noise stimulation en inglés, tRNS). Ninguna de las tres es invasiva y se

basan en suministrar corrientes de baja intensidad al cerebro [92].

La presente tesis utiliza tDCS. Por ello, se va a explicar mds en profundidad.
Los efectos que tiene la tDCS atin no son claros pues dependen de varios factores
como la intensidad aplicada, el tamafio de los electrodos y el tiempo de estimu-
laciéon [93,94]. Ademas, funciona de una manera de polaridad especifica [95]. Es
decir, la corriente por convenio, fluye del dnodo al catodo y se ha investigado
que las neuronas afectadas por el anodo tienen mas actividad mientras que por
el contrario, las afectadas por el catodo, se inhiben [96, 97]. Esto puede verse en
la Figura La parte de la izquierda muestra el &nodo, en donde el flujo de co-
rriente va hacia la neurona. Esto produce depolarizacion en el soma que es lo que
genera el aumento de la actividad neuronal. También se genera hiperpolariza-
cién de las dendritas pero esto no tiene mucha influencia. La parte de la derecha

muestra el cadtodo y se aprecia que el flujo de corriente va desde la neurona has-
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ta el electrodo. De esta manera se produce el efecto contrario al anterior caso; el

soma se depolariza generando disminucién de la actividad neuronal.

Catodo ()
Dendritas .
Dendritas ', Fluio d | Flujo de
l UJC.) N corriente
corriente Son depolarizadas
‘Son hiperpolarizadas ] J
i - ~#7—Soma Es hiperpolarizado
&= Soma| Es depolarizado ; f
‘Aumenta la excitabilidad /Plasticidad ‘ Disminuye la excitabilidad /Plasticidad

Figura 2.18: Efectos de los electrodos de la tDCS.

La mayoria de los estudios utilizan un tamafio de electrodos entre 25 y 35
cm?. Este tamafio es considerablemente grande, y a la hora de conocer qué 4reas
han generado la respuesta deseada es mds ambiguo [98, 99]. Hay que tener en
cuenta que la densidad de corriente (medida en A/cm?) es lo que determinara si
se puede producir dafio neuronal o no. Por lo que, si se reduce el tamafio de los
electrodos, la intensidad se debe disminuir para que no exceda el limite de dafio

neurolégico [100].

Otra particularidad de esta técnica, es que se puede suministrar falsa intensi-
dad (sham en inglés) para eliminar el efecto placebo. Es decir, La corriente empie-
za a aumentar gradualmente hasta llegar al valor fijado y acto seguido empieza a
disminuir también gradualmente durante unos pocos segundos. Posteriormente,
se deja el tiempo acordado de estimulacién a una intensidad nula y antes de ter-
minar la sesién, se produce otra vez el aumento gradual de corriente seguido de

su disminucién. Esto genera una sensacion al usuario de que ha sido estimulado.
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2.3.4. Aplicaciones

Estas técnicas y tecnologias de rehabilitacion son cada vez méds comunes ya
que tienen una ventaja afiadida a las terapias convencionales. Las terapias con-
vencionales tratan de rehabilitar el musculo. Sin embargo, la utilizacién de ele-
mentos asistenciales como exoesqueletos, mejora la motricidad de los pacientes y
mejora su calidad de vida [101,102]. Sin embargo, estos sistemas tienen limitacio-
nes ya que los exoesqueletos mueven de forma pasiva la extremidad afectada. Es
aqui donde la incorporacién de una BMI, siempre y cuando funcionen en tiempo
real, puede impulsar una mejora en el proceso de la rehabilitacién. Esto es debido
a que las BMI ayudan a crear caminos neuronales alternativos con la posibilidad

de que pueda volver a mover voluntariamente la parte afectada [103].

La combinacién de una BMI con exoesqueletos hace que sea una terapia mas
completa para el paciente ya que, estd implicado tanto muscularmente como neu-
rolégicamente y por ello, estd involucrado de una forma mds activa en su rehabi-

litacién [103, 104].

Los exoesqueletos son estructuras rigidas articulables que asisten el movi-
miento de una persona [105]. Estos puede ser de miembro inferior o superior
(Figura [2.19); y las articulaciones del exoesqueleto han de coincidir con las del
usuario para que el movimiento sea natural. Por ejemplo, la colocacién de un
exoesqueleto de miembro inferior seria de la siguiente manera: la persona se ha
de sentar y hacer coincidir tres puntos marcados del exoesqueleto con las articu-
laciones del trocante, rodilla y tobillo. Una vez ajustado, se cifie al cuerpo de la

persona.

Por otro lado, recientemente se estd usando la tDCS para mejorar la afasia, la
memoria y el control motor [107, 108} 109} [110]. Sin embargo, hay estudios con-
tradictorios que indican que las estimulacién en cierta drea es beneficiosa cuando
otros obtienen resultados opuestos [111, 112]. Por otra parte, este tipo de neu-
romulacién, se ha investigado poco en la rehabilitaciéon del miembro inferior, ya

que la representacion de las piernas en el cerebro se encuentra en lo profundo de
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Figura 2.19: Exoesqueleto de miembro inferior H2. Disefio realizado por el CSIC y producido por
la empresa Technaid. Imagen sacada de [106]

la fisura longitudinal y alcanzar dicho punto representa un problema afiadido.

Ademas, en la presente tesis, se esta investigando como las BMI pueden de-
tectar la intenciéon de movimiento [1} 113} 114]. A partir de las sefiales cerebrales
del usuario, si se detecta el momento cuando el paciente intenta realizar un movi-
miento con alguna extremidad, éste podria activar el exoesqueleto pertinente que
le ayude a hacerlo. Sin embargo, detectar la intencién es una tarea ardua y atn

queda mucho por investigar tanto a nivel de hardware como neurolégicamente.
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Capitulo 3

RESUMEN GLOBAL DE LAS
APORTACIONES

En este capitulo se muestra un resumen global los materiales y métodos, re-
sultados y una discusién de los mismos de las publicaciones que conforman esta

investigacion:

= R1 (aportacion en revista 1): Personalized offline and pseudo-online BCI

models to detect pedaling intent. Ver publicacién

= R2 (aportaciéon en revista 2): Effects of tDCS on real-time BCI detection of

pedaling motor imagery. Ver publicacién

= R3 (aportacion en revista 3): Improving real-time lower limb motor imagery

detection using tDCS and an exoskeleton. Ver publicacién

El objetivo principal de R1 se centr6 en detectar la intencién del pedaleo. Pos-
teriormente, en el resto de las aportaciones y debido a los resultados obtenidos
anteriormente, se decidi6 detectar la imaginaciéon motora del pedaleo y la marcha.
En R2 se estudi6 la detecién de dos tareas cognitivas: la relajacién y la imagina-
cién del pedaleo. En R3 se extrapol6 el paradigma anterior a detectar la relajacién

y la imaginacién de la marcha, que es el fin que se busca para mejorar las terapias
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de rehabilitacié n. Ademads, para estas dos tltimas aportaciones, se utilizé estimu-
lacién transcraneal por corriente directa (tDCS) para determinar si potenciaba la
precision con que el usuario controlaba la interfaz cerebro-maquina. En funcién
de los resultados obtenidos en R2 y dado que se cambia de paradigma cognitivo
(se cambi6 de detectar imaginacién de pedaleo a marcha), se modificaron algunos
parametros del montaje de estimulacién. Los participantes del estudio principal
de R2 y R3 recibian realimentacién visual. Ademads, en R3 se realizé un estudio

piloto en que los participantes controlaban un exoesqueleto de miembro inferior.

3.1. Aportaciéon R1

3.1.1. Materiales y Métodos

Como se ha mencionado anteriormente, el objetivo de esta aportacion fue la
detection de la intencién del pedaleo. Se utilizo el Enobio 32 de Neuroelectrics®
para adquirir las sefiales electroencefalograficas (EEG) de los usuarios y un siste-
ma de captura de movimiento mediante sensores de movimiento inercial (IMUs,
de la empresa Technaid) para saber en qué momento el usuario comienza a peda-
lear y poder estudiar las sefiales EEG. La Figura [3.1| muestra la arquitectura del

sistema.

El protocolo que tenian que realizar los participantes fue el siguiente: al usua-
rio se le indicaba que primero habia un periodo de relajacién el cual tenia que
despejar la mente lo maximo posible y tras un periodo de tiempo el investigador
le indicaba que empezara a pedalear cuando quisiera siempre y cuando esperara
un minimo de 3 segundos y sin contar entre el aviso y el pedaleo. S6lo en algunas

repeticiones el usuario no esperaba lo suficiente y éstas eran descartadas.

Para poder detectar la intencién del pedaleo, se estudiaron los cambios en sin-
cronizacién y desincronizaciéon de eventos relacionados (ERS/ERD por sus siglas

en inglés) que se producen en las bandas de frecuencias mu (8-12 Hz) y beta (12-
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| SISTEMA EEG

ORDENADOR

PEDALINA

Figura 3.1: Arquitectura del sistema. El sistema de EEG graba las sefiales encefalogréficas del
usuario y el sistema de captura de medidas inerciales (IMUs por sus siglas en inglés) adquiere los
datos del sujeto mientras pedalea. El ordenador recibe de manera sincrona los datos de las IMUs
y el sistema EEG.

30 Hz). Segun la literatura [115] [116], la intencién de movimiento podria llegar
a detectarse desde dos segundos antes de la realizacién del movimiento (ERD) y
hasta dos segundos después (ERS) del comienzo de dicho movimiento. Por ello,
en ambos estudios se analizaron dos tipos de ventanas para detectar la intencién
del pedaleo: sélo los 2 segundos previos a la realizacién del pedaleo; y desde 2
segundos antes hasta 2 segundos después de la realizacién de dicho movimiento,

lo que conforma 4 segundos (Figura 3.2).

Para el analisis de los datos, primero se separaron los tramos de relajaciéon y
los de intencidn; el resto se deseché. La ventana de intencién estaba definida por
el comienzo real del pedaleo y por el tamafio de ventana a procesar; la ventana
de relajacién se defini6é con anterioridad a la de intencién y siempre entre am-
bos casos una separaciéon de 0.5 segundos para evitar el solapamiento entre las

ventanas (Figura 3.2). Dichos datos fueron estudiados en ventanas de 1 segundo
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cada 0.2 segundos. Primero se realizé un preprocesamiento para mejorar la rela-
cién sefial-ruido basado en: filtro Notch a 50 Hz para eliminar la influencia de la
corriente eléctrica, filtro Butterworth paso alto de 4 orden con una frecuencia de
corte de 0.2 segundos para eliminar la corriente continua y un filtro de referen-
cia promedio comiin (common average reference en inglés, CAR) para mejorar la

resolucién espacial [117].

a) Tiempo antes del pedaleo b) Tiempo antes y después del pedaleo

1 ciclo de pedaleo 1 ciclo de pedaleo
Real start ¢ Real start ¢
3 =
S 22
2 g 05 2 ? 05
: B /”"‘m_r'\' £ /”"‘WL/\'
| == = = =
% 50 2s52s g 50 4s 4s
83 83,
B 501 BT -501
0 10 20 0 10 20
Tiempo (s) Tiempo (s)

Figura 3.2: Tipos de procesamiento de ventana. El Real start se obtiene con la informacién propor-
cionada de las IMUs. A la izquierda (a), la ventana de intencién se defini6 2 segundos previos al la
realizacién del movimiento. A la derecha (b), la ventana de intencion se defini6 desde 2 segundos
antes hasta 2 segundos después de la realizacién del movimiento.

Se estudiaron 8 configuraciones diferentes de electrodos (Figura3.3) y 5 algo-
ritmos de extraccién de caracteristicas distintos para los dos tipos de ventana de

2y 4 segundos.

Los algoritmos empleados fueron los siguientes:

Algoritmo A: Media de la potencia de la sefial entre 18 y 28 Hz.

Algoritmo B: Transformada de Fourier rdpida por cada electrodo entre 0 y
50 Hz con resolucion de 1 Hz. Posteriormente se calculaba la norma Eucli-

diana.

Algoritmo C: La media de la potencia espectral para cada una de las bandas

de frecuencia 1-4 Hz, 8-12 Hz, y 13-28 Hz.

Algoritmo D: Densidad espectral de potencia media de cada electrodo en el
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Figura 3.3: Configuraciones de electrodos basados en el Sistema Internacional 10-10. Para cada
congfiguracion de electrodos, los electrodos en rojo fueron los seleccionados. La configuracién 1
se centraba en el drea motor y premotor; la 2 se centraba en el drea motor; la 3 se centraba en
el drea premotor; la 4 se centraba en el hemisferio izquierdo del drea motor y premotor; la 5 se
centraba en el hemisferio izquierdo del drea motor, premotor y la linea media; la 6 se centraba en
en el hemisferio derecho del 4rea motor y premotor; la 7 se centraba en el hemisferio derecho del
area motor, premotor y la linea media; y la 8 era una version reducida de la primera configuracién,
centrada en el drea motor y premotor.

rango de la frecuencia 6ptima +£1 Hz de cada electrodo. Primero se busca-
ba la frecuencia 6ptima normalizada para cada electrodo que representaba
la mayor diferencia de potencia entre la relajacién y la intencién de movi-
miento. Posteriormente se calculaba por cada electrodo la potencia a esa

frecuencia 6ptima.

» Algoritmo E: Transformada de Fourier rdpida por cada electrodo entre 0 y
50 Hz con resolucién de 1 Hz. Luego se toma la respectiva suma para cada
una de las tres bandas de frecuencia: mu (8-12 Hz), beta baja (12-24 Hz) y
beta alta (24-30 Hz).

Para la clasificacion se utilizé el algoritmo de mdquinas de soporte vectorial
(support vector machine en ingés, SVM) con kernel de funcién base radial (radial
basis function en inglés).

Ademas, se estudiaron dos tipos de andlisis: offline y pseudo-online. El andli-
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sis offline se basa en realizar el experimento y posteriormente se obtienen los
resultados; el andlisis pseudo-online, hace una simulacién de procesamiento en
tiempo real. El experimento se realiza y a la hora de procesar los datos, se realiza

como si se estuvieran recibiendo en tiempo real.

Para cada configuracién de electrodos, algoritmo de extraccién de caracteristi-
cas, ventana y tipo de procesamiento se calcularon tres paramteros de interés: la
tasa de verdaderos positivos (TPR por sus siglas en inglés), el niimero de falsos
positivos por minuto (FP/min) y la exactitud (Acc por su abreviaciéon en inglés).
Las definiciones de estos pardmetros se pueden encontrar en la seccién 2.4 de la
separata de R1 en el Capitulo 6. Para poder evaluar la gran cantidad de datos,
se cred el pardmetro discriminador de pesos (weighted discriminator en inglés,
WD) el cual ponderaba TPR, Acc y tasa de falsos positivos (FPR por sus siglas
en inglés), asociandole distintos pesos a cada uno. El FPR se puede calcular del
FP/min y teniendo en cuenta el tipo de procesamiento (offline o pseudo-online).

La definicién del WD, que varia entre -1 y 1, es la siguiente::

WD = 0.4 x TPR+ 0.6 x Acc — 1.0 x FPR. (3.1)

Al FPR se le dio un peso grande negativo (-1.0), pues para controlar un sistema
real (como un exoesqueleto) tener activaciones falsas no es en absoluto deseable.
Por su parte, TPR y Acc tienen pesos positivos, pues son deseables, y Acc tie-
ne un peso ligeramente superior porque se le quiere dar mds importancia a este

parametro.

3.1.2. Resultados

En base a los resultados obtenidos en el analisis offline, se concluyé que la
ventana de 2 segundos previos al movimiento no daban suficiente informacién
para detectar la intencién de movimiento. Por ello, en el andlisis pseudo-online

realizado, la ventana de 2 segundos qued6 descartada y sélo se analizaron los
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resultados usando ventanas de 4 segundos.

Utilizando los siguientes criterios en base al WD, fue posible definir de mane-
ra personalizada la configuracién de electrodos (entre las 8) y algoritmos (entre

los 5) que mejores resultados producian para cada uno de los usuarios:

1. Los dos mejores algoritmos se seleccionaron en base a los dos valores maés
elevados obtenidos de la media de los WD de las configuraciones de elec-

trodos (C.E.) para cada algoritmo.

2. Entre los 16 valores de WD asociados a los dos algoritmos y las ocho con-
tiguraciones de electrodos, el valor maximo de WD se preseleccioné junto

con todos los valores de WD dentro de £0,01 de ese méximo.

3. Por dltimo, entre las combinaciones preseleccionadas, se eligi6 la que co-
rresponde a la configuracién del electrodo con el menor nimero de elec-
trodos. Si hubo un empate en el ntimero de electrodos, se seleccion¢ el que

tenia el mayor WD. Si el empate continuaba, se elegia uno al azar.

De esta manera cada usuario tenia su propia BMI personalizada (en términos

de la configuracion de electrodos y algoritmo). Los resultados estan en la Tabla

B.1

Luego, se traté de determinar si la personalizacion de las BMIs para cada
usuario verdaderamente valia el esfuerzo. Para ello se determino el siguiente cri-
terio para definir cudl era el algoritmo que mejores resultados producian en todos

los usuarios:

1. Para cada sujeto y algoritmo, se calcul6 su WD promediada de las C.E. (los
valores de WD se promediaron entre configuraciones de electrodos). Estos
valores se promediaron entre los sujetos, de modo que un tinico WD pro-

mediado representaba cada algoritmo.

2. Se seleccion¢ el algoritmo asociado al promedio mayor.
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Tabla 3.1: TPR, FP/min y Acc personalizando la configuracion de BMI por cada usuario en una
ventana de 4 segundos (Contribucién R1).

S Algorithm C.E. TPR (%) FP/min  Acc (%)
1 D 4 83.3+15.1 10.3£6.33 25.1£11.7
2 B 8 76.7£23.4 0.0840.20 96.7+8.16
3 D 2 86.7+20.7 6.83+3.29 32.1+£9.33
4 C 2 76.7£151 3.74+2.20 81.8+£15.9
5 E 4 60.0£17.9 3.73+1.82 39.9+14.7
Average 76.7 4.94 55.1

El resultado de la generalizacién del algoritmo fue el D. Los resultados de cada
usuario con este algoritmo y la personalizacién de la configuracion de electrodos

para cada usuario puede verse en la tabla

Por ultimo, se sigui6 el siguiente criterio para definir la configuracion de elec-

trodos que mejores resultados producian en todos los usuarios:

1. Dado el mejor algoritmo para todos los usuarios (D), los valores de WD se
promediaron entre los sujetos para cada configuracién de electrodo. Esto

dio un WD promediado tinico para cada configuracioén de electrodo.

2. La configuracion del electrodo asociada al mayor promedio fue selecciona-

da.

De esta manera, la BMI general para todos los usuarios fue el algoritmo D
y la configuraciéon de electrodos 4. Los respectivos resultados estan en la Tabla
Al comparar los resultados de BMIs personalizadas con la BMI general se
encontr6 que habia diferencias estadisticamente significativas (p=0.0007), con los
resultados de las BMIs personalizadas siendo mds deseables. Sin embargo, los
resultados donde se personalizé la configuraciéon de electrodos con el algoritmo
D fijado, no presentaban diferencias significativas en comparacién con la BMI

totalmente personalizada para cada usuario.
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Tabla 3.2: TPR, FP/min y Acc para el andlisis pseudo-online con el algoritmo D y la mejor confi-
guracién de electrodos para cada usuario (S) usando una ventana de procesamiento de 4 s.

S C.E. TPR (%) FP/min  Acc (%)
1 4 83.3+15.1 10.3£6.33 25.1£11.7
2 Z 66.7£16.3 0.26+0.45 90.0+16.7
3 2 86.7+20.7 6.83+£3.29 32.1£9.33
4 6 86.7+16.3 3.76+2.10 47.0£9.38
5 1 56.7+23.4 3.83£1.07 35.549.63
Average 76.0 5.00 46.0

Tabla 3.3: TPR, FP/min y Acc para el andlisis pseudo-online, extraccién de caracteristicas usando
el algoritmo D y la configuracién de electrodos 4 para cada sujeto (S) en una ventana de procesa-

miento de 4 s.

S TPR (%)  FP/min Acc (%)
1 83.3+15.1 10.3+6.33 25.1£11.7
2 66.7+16.3 0.274+0.45 90.0£16.7
3 96.7+8.16 10.1+4.06 26.3£7.89
4 93.35- 103y g%OP i Pk #2785 483
9 70.0200) J1266=3 52 NG 2159 7
Average 82.0 8.56 37.2

3.1.3. Discusion

Se demostré que la personalizaciéon de BMIs a cada usuario (Tabla ofrece
mejores resultados comparados con un enfoque tradicional, donde se fija el al-
goritmo y la configuracién de electrodos para todos los usuarios (Tabla 3.3| para
el algoritmo D y la configuracion de electrodos 4). Evidentemente, en dos de los
pardmetros de interés, FP/min (cuanto menos mejor) y Acc (entre mds grande
mejor), los resultados son superiores. Habiendo dicho eso, se encontré que sélo
tijando el algoritmo (y personalizando la configuracion de electrodos), los resulta-
dos eran estadisticamente comparables con los totalmente personalizados (de la

Tabla3.T). Esto implica que no es necesario personalizar toda la BMI, requiriendo

menos tiempo para crear el modelo y continuar con la prueba.

En cuanto a otros trabajos en la literatura, se debe mencionar que la mayoria
de los estudios se analizan offline [118, 119, 120, 114, 121}, 122]. Los resultados

parecen comparables en términos de TPR y Acc. Dicho esto, en muchos casos
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las comparaciones son dificiles, ya que o bien los pardmetros relevantes no se
informan o deben ser post-procesados a partir de sus propios resultados. En un
estudio donde también realizaron andlisis pseudo-online [123], también presen-
taron resultados similares en todos los pardmetros. Por lo tanto, los resultados en
este trabajo parecen ser consistentes con aquellos en la literatura. Este estudio se
enfoco en el pedaleo y no en la marcha. Sin embargo, el pedaleo parece ser un

paso intermedio natural antes de realizar la rehabilitacion de la marcha.

En cuanto a las limitaciones, una preocupacién potencial en los resultados de
este trabajo es el namero relativamente alto de FP/min que es altamente inde-
seable cuando se trata de detectar el movimiento auto-iniciado. Por ello, en los
siguientes estudios se realizan modificaciones en el protocolo y paradigma de

este trabajo para buscar una mejora de los resultados.
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3.2. Aportaciones R2 y R3

En estas aportaciones se analizaron configuraciones de tDCS capaces de me-
jorar la deteccién de imaginacién del pedaleo (R2) y la marcha (R3) usando una
BMI en tiempo real basada en las sefiales EEG de los usuarios. Adicionalmente,
en R3 se hace un estudio piloto con personas sanas que activan un exoesqueleto
de miembro inferior cuando imaginan que caminan para validar los resultados

obtenidos en una situacion real.

Primero, se explican los materiales y métodos de R2 y R3 explicando los pun-
tos comunes y diferentes. Finalmente, se expondran los resultados y se discutirdn

por separado.

3.2.1. Materiales y Métodos

El equipo utilizado en ambos casos tanto para adquirir las sefiales EEG (30
canales) como la aplicaciéon de tDCS (2 y 3 canales) fue con el Starstim R32 de

Neuroelectrics ©.

El protocolo, procesamiento y clasificacion de ambas aportaciones es el mis-
mo. Las diferencias entre R2 y R3 reside en la colocacién de los electrodos de
estimulacion. En R2 estd centrada en sobreexcitar M1 y la persona ha de imagi-
nar que estd pedaleando mientras estd sentada; mientras que en R3 esta centrada

en excitar M1 y el cerebelo y ademads el usuario esta de pie imaginando que cami-

naba (Figura[3.4A y[3.4B respectivamente).
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Figura 3.4: Disefio experimental. A) Los sujetos se sentaban enfrente de una pantalla que suminis-
traba las instrucciones de las tareas a realizar mientras sus sefiales EEG estaban siendo grabadas.
Las instrucciones dadas eran: Relajacién, Imagina y + (transicién). En le periodo de Imagina, el
usuario imaginaba que estaba pedaleando. La pantalla daba realimentacién sobre el desempefio
de cada tarea. B) Los sujetos estaban de pie enfrente de una pantalla que daba las instrucciones de
las tareas a realizar mientras sus sefiales EEG eran grabadas. Las instrucciones eran las mismas
que en el caso anterior pero en este caso el usuario durante Imagina, tenia que imaginar que an-
daba. En ambos casos las tareas aparecian aleatoriamente pero nunca aparecia mas de dos veces
seguidas la misma tarea.

Montaje de estimulacién en R2
En esta aportacion se queria aumentar la excitabilidad en la corteza motora donde
se encuentra la representacion de las piernas. El principal reto de dicho montaje
es que la estimulacién alcance dicha 4rea, ya que se encuentra en lo profundo
de la fisura longitudinal. Previamente, se realiz6 una simulacién con el software
libre SimNIBS para asegurarnos que se estimulaban las 4reas de interés (Figura
B.5). El montaje de estimulacién constaba de dos electrodos: 1 énodo y 1 catodo.
El d&nodo se colocé en Cz por encontrarse sobre la representacion de las piernas.
El catodo se ubico en el hemisferio derecho del cerebelo. Esto fue debido a que
previamente se ha estudiado que situar el cdtodo sobre el cerebelo, produce ex-
citacion sobre M1. Por ello, se estaria sobre-excitando M1, tanto por el &nodo co-
locado en Cz como por el cdtodo colocado en el cerebro-cerebelo derecho (Figura

B.6lA). La intensidad aplicada fue de 0.4 mA. En la figura[3.5se puede apreciar la
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excitacion de la corteza motora donde se encuentra la representacion de las pier-
nas. Ademds, el drea con mayor excitacion estd cerca del ntcleo rojo y el tdlamo.
Dichas é4reas pertenecen al camino de las salidas ascendentes del cerebelo hacia

M1.

Wigta Axial Wista Coranal Viska Swgital

0 e
A

Figura 3.5: Vista axial, coronal y sagital de la simulacién de tDCS. La escala representa el campo
eléctrico (V/m) inducido por el &nodo ubicado sobre Cz y el cdtodo sobre el cerebro-cerebelo
derecho. La intensidad aplicada fue de 0.4 mA. El drea més afectada (roja) estd cerca del ntcleo
rojo. La imagen fue generada con el programa SimNIBS.
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Figura 3.6: Montaje de los electrodos de estimulacién de la aportacion R2 (A) y R3 (B).

Montaje de estimulacién en R3
En esta aportacion se queria aumentar la excitabilidad de la corteza motora, don-
de se encuentra la representacion de las piernas, y del cerebelo al mismo tiempo.
Como en el estudio anterior, se realiz6 una simulacién previa al experimento con
el software libre SimNIBS para asegurarnos que se estimulaban las areas de in-
terés (Figura 3.7). El montaje de estimulacion constaba de 3 electrodos: 2 4nodos

y 1 cdtodo. El dnodo Al se coloco sobre el cerebelo, el &nodo A2 sobre Cz y el
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catodo sobre FC2 (Figura [3.6]B). La intensidad aplicada en A2 fue algo superior
que en Al (0.2 y 0.3 mA) para contrarrestar el efecto de la inhibicién en la zona
motora que produce el aumento de excitabilidad en el cerebelo. De esta forma,
excitamos el cerebelo, la zona motora y ademds inhibimos el hemisferio derecho,
dando preferencia al izquierdo. Esto fue decidido de esta manera porque a la hora
de realizar pruebas con pacientes, se van a escoger aquellos en que hayan sufrido

un ACV con afectacion en la pierna derecha.

Visla Axiad Vista Coranal Yista Sagital
[ 1E]]
JUD03H 0102 oz
- AT

[

Figura 3.7: Vista axial, coronal y sagital de la simulacién de tDCS. La escala representa el campo
eléctrico (V/m) inducido por el d&nodo ubicado sobre Cz y el catodo sobre el cerebro-cerebelo
derecho. La intensidad aplicada fue de 0.3 mA en la zona motora y 0.2 mA en el cerebelo. El 4rea
mas afectada (roja) esta cerca del nticleo rojo. La imagen fue generada con el programa SimNIBS.

Descripcion del protocolo, procesamiento y clasificacién
La Figura 3.8/ muestra el diagrama de flujo experimental para ambas aportacio-
nes. Los usuarios fueron separados aleatoriamente en sham, que es una estimu-
lacién falsa, y tDCS activo, aquellos que reciben estimulacion verdadera. Luego,
a simple ciego, cada usuario recibia, de acuerdo a su modalidad, 15 minutos de
estimulacién utilizando electrodos de 1 cm de radio. Después los usuarios rea-
lizaban la tarea de imaginacién motora que consistia en 10 repeticiones de un
ciclo de imaginacion. Este ciclo de imaginacién estaba compuesto por: 10 perio-
dos de relajaciéon y 10 periodos de imaginacién; en R2 imaginaban que estaban

pedaleando y en R3 que estaban caminando.

El procesamiento se aplica a ventanas de 1 segundo cada 0.2 segundos. A los
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30 electrodos de cada ventana se les aplica un filtro Notch a 50 Hz para eliminar la
corriente eléctrica, filtro paso alto a 0.05 Hz para eliminar la componente continua
de la sefial, filtro paso bajo a 45 Hz y filtro Laplaciano para eliminar la influencia
del resto de los electrodos. Finalmente se seleccionan los 9 electrodos que se en-
cuentran en la zona relacionada con la imaginacién motora: CZ, CP1, CP2,C1, C2,
C3, C4, FC1, FC2. Posteriormente, se obtiene el vector de caracteristicas de los 9
electrodos seleccionados. El vector de caracteristicas es la potencia a la frecuencia
6ptima normalizada por cada electrodo. Dicha frecuencia 6ptima normalizada es
la frecuencia que representa la méxima diferencia entre los estados de relajacién

e imaginacion de la actividad motora correspondiente.

Las primeras 4 repeticiones se usaron para entrenar un clasificador SVM usan-
do un kernel de funciones de base radial (radial basis function en inglés). La fre-
cuencia 6ptima normalizada se calcula durante este entrenamiento. Las 6 res-
tantes se usaron para testear el clasificador en tiempo real midiendo la precision
global de cada dia. Dicha precision fue calculada como el ntimero de aciertos (tan-
to de relajaciéon como de imaginacién) dividido por el numero total de ventanas

analizadas.

Usuarios
sanos

[tDCS (15 min): sham o tDCS activo ]

1 sesién = 10 Imaginas y 10 Relax

A
[ MiI: 10 repeticiones ]— [ \
EEG [Imagina] [Relax] [Relax] [Imagina] [Imagina]

FIN

Figura 3.8: Diagrama de flujo experimental. Los participantes fueron aleatoriamente colocados en
el grupo de sham y de tDCS activo. Durante 15 minutos recibian la correspondiente corriente de
estimulacion. Posteriormente realizaban 10 repeticiones de la tarea de imaginacién motora basa-
da dos tareas cognitivas: Relajacién e Imaginacién. Entre tareas habia un periodo de transicién
representado por el simbolo +. Las tareas aparecian aleatoriamente pero nunca aparecia més de
dos veces seguidas la misma tarea.
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Prueba piloto
En R3 se hace un estudio piloto con personas sanas que activan en tiempo real un
exoesqueleto de miembro inferior con sus seales EEG cuando imaginan que ca-
minan. Esta prueba piloto se referencia como E2 para diferenciarla de la primera
prueba hecha en R3, que a su vez se referencia como E1. El primer dia, antes de
empezar con el protocolo, los usuarios se familiarizaron con el exoesqueleto de
miembro inferior. Hasta que los usuarios no estaban confiados de poder concen-
trarse en la imaginacién motora mientras el exoesqueleto se movia, no se iniciaba

la prueba.

El protocolo de dicha prueba fue modificado respecto al anterior para ade-
cuarlo al control del exoesqueleto. Después de recibir los 15 minutos de estimu-
laciéon (tDCS o sham), el usuario tuvo que realizar 80 repeticiones de la siguien-
te secuencia basada dos tareas cognitivas (Figura [3.9): Relajacién e Imaginacion.
Se indicaba al usuario el comienzo del periodo de relajacién donde tenian que
concentrarse en su respiracion. Posteriormente, una sefial actstica indicaba el co-
mienzo del periodo de imaginacién de la marcha. Para finalizar, otra sefial actsti-
ca indicaba el fin de la imaginacion de la marcha y el comienzo de un segundo
periodo de relajacién. De las 80 repeticiones, la mitad fueron para crear el mode-
lo. Durante el entrenamiento, el exoesqueleto se movié por si solo, mientras que
durante el periodo de test, el exoesqueleto era activado con las sefiales EEG del
usuario. Durante los periodos de relajacion, el exoesqueleto no estaba activado

de acuerdo a las sefiales de EEG del usuario.

El procesamiento y la clasificacién empleados fue el mismo que el explicado

anteriormente.

3.2.2. Resultados R2

En este experimento participaron 14 usuarios, 7 pertenecian al grupo de sham
y 7 al de tDCS activo. La Figura muestra la evolucién de cada dia por cada
grupo. Para evaluar si ha habido plasticidad, en la Tabla[3.4 muestra la significan-
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tDCS tDCS activo
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Figura 3.9: Diagrama de flujo experimental. Los participantes fueron aleatoriamente colocados en
el grupo de sham y de tDCS activo. Durante 15 minutos recibian la correspondiente corriente de
estimulacion. Posteriormente realizaban 80 repeticiones de entrenamiento de la tarea de imagina-
cién motora basada dos tareas cognitivas: Relajaciéon e Imaginacién. Durante la etapa de entrena-
miento (40 primeras repeticiones), en los periodos de imaginacion, el exoesqueleto se movia por
si mismo. En las 40 repeticiones posteriores, en el testeo de la BMI, los participantes activaban el
exoesqueleto en los periodos de imaginacién con sus sefiales EEG.

cia (valor de p) comparando cada dia con el tltimo y ademas se calcul6 el ERD en
la banda mu de frecuencia del mejor usuario de cada grupo. La Figura mues-
tra la precisién obtenida y el ERD de dichos usuarios. En ella se puede apreciar
que el aumento en la precisién corresponde con un aumento de la modulacién

del ERD.

Tabla 3.4: Comparacion a pares de la precisién entre el grupo de tDCS y sham.

Dia 1 2 3 4 5
Valor-p 0.04 029 1.00 0.74 0.60

3.2.3. Discusion R2

Aunque no se puede decir que existan diferencias entre el grupo de sham y
el grupo de tDCS (60 % y 62.6 % de precision alcanzada respectivamente), si se
puede afirmar que el grupo de tDCS alcanzé el mejor resultado el primer dia,
y mantuvo aproximadamente esos resultados por los siguientes 4 dias. Mientras

tanto, el grupo de sham tard¢ tres dias en alcanzar dichos valores de precisién
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Precision de la clasificacion en tiempo real
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Figura 3.10: Precisién media en tiempo real de cada usuario por cada grupo y dia.
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Figura 3.11: Precisién en tiempo real y ERD del mejor usuario de cada grupo.

(Figura3.10). Por lo tanto parece que el tDCS tiene efecto inmediato en la activa-
cién de los caminos neuronales deseados, aunque eventualmente, y no de mane-
ra inmediata, el grupo sham parece lograr lo mismo (a pesar de que le tome mas
tiempo). Con el &nimo de observar diferencias significativas mas fuertes entre los
grupos, en el estudio R3 se cambié el niimero y colocacién de los electrodos de

estimulacién, como ya se especificd previamente.

Para justificar la aparente baja precision alcanzada en tiempo real de alrededor
del 60 % (siendo el nivel de aleatoriedad del 50 %), se examiné detenidamente la
literatura existente para hacer las comparaciones adecuadas. Los resultados que
se reportan sobre BMIs en tiempo real estd algo dispersa en la literatura actual
[124], [125], [126], [127], [128], [129] [130], pero siempre que es posible comparar,
nuestros resultados son equiparables con los de la literatura. Nuestros resultados
son consistentes con los de Zich et al. [126] que tienen una precisién en tiempo

real del 55-65 %, [124] con alrededor del 65 % de precisién (de las primeras 30
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sesiones) y [125] con alrededor del 65 % de precisién entre otros.

3.2.4. Resultados R3

En el primer experimento (E1) participaron 12 usuarios, 6 pertenecieron al

grupo de shamy 6 al de tDCS activo. La Figura muestra la evolucion de cada

dia por cada grupo.
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Figura 3.12: Precisién media en tiempo real de cada usuario por cada grupo y dia.

En la prueba piloto (E2) participaron 4 usuarios, 2 pertenecieron al grupo de

sham y 2 al de tDCS activo. La Figura muestra la evolucién de cada dia por

cada grupo.
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Figura 3.13: Precisién media en tiempo real de cada usuario por cada grupo y dia.
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Tanto para E1 como para E2, se realizé un histograma del porcentaje de fre-
cuencias 6ptimas de los electrodos que se encuentran en las bandas de frecuencia
relevantes (theta alta y mu, beta baja y media, y beta alta) para cada grupo (sham
y tDCS activo). Para ambos experimentos se obtuvo que la banda de frecuencia

mads utilizada fue theta alta y mu (6-12 Hz).

Por otra parte, se realizé un mapa topografico en la banda de frecuencia resul-

tante anterior para ver los cambios de ERS (rojo) y ERD (azul) de E1 y E2 (Figura
3.14).

E1 ERD/ERS for each day and group

Day 3 Dy d

BActive tOCE

Sharm
Active DS
|-EI.1
Day 1 Day 2 0.4
&ham [ 0.6
ERD

Figura 3.14: Mapa topogréfico de ERS (rojo) y ERD (azul) para la banda de frecuencia 6-12 Hz
promediada para todos los participantes en cada dia y grupo del experimento. Los resultados de
E1 se muestran arriba y los de E2 abajo.
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3.2.5. Discusion R3

En esta aportacion se ha evaluado un montaje nuevo de tDCS donde se es-
timulaba anodalmente tanto la corteza motora (Cz) como el cerebelo. Con esta
configuracién de electrodos se han encontrado diferencias significativas para el
estudio principal (E1) entre el grupo de tDCS activo y el de sham. Ademas, los
resultados preliminares de E2 también parecen soportar la hipétesis que la confi-
guracion novedosa de tDCS mejora la clasificaciéon en tiempo real para una tarea
de imaginacién motora con control de exoesqueleto de miembro inferior. Prime-
ro, vale la pena dar una explicacién neurolégica de por qué este montaje de tDCS
parece haber funcionado con éxito. El objetivo de la configuraciéon de electrodos
era mejorar las capacidades de aprendizaje del cerebro mientras se estimulaba la
corteza motora, que es responsable del movimiento de las extremidades inferio-
res (y la imaginacién). Con esto en mente, se colocé un anodo sobre el cerebelo,
ya que esto mejora las habilidades de aprendizaje del cerebro segtn varios es-
tudios [131],[111],[132],[133]. Sin embargo, colocar este &nodo sobre el cerebelo
también tiene otras consecuencias. Especificamente, produce la activacion de las
células de Purkinje que inhiben el nicleo dentado y provocan la desfacilitacién
de la corteza motora [134],[135]],[136]], que es lo contrario de lo que es deseado con
respecto a la activacion de la corteza motora. Por esta razon, para contrarrestar el
efecto del primer dnodo y excitar la actividad neuronal de la corteza motora, se
coloc6 un segundo dnodo directamente en Cz sobre la corteza motora, y con una
corriente ligeramente mas alta. De hecho, las corrientes utilizadas fueron 0.2 mA

para el primer dnodo y 0.3 mA para el segundo dnodo.

El grupo activo de tDCS obtuvo de media un 12,6 % y un 8,2 % de mayor
precision que el grupo de sham para E1 y E2 respectivamente. Ademads, el grupo
tDCS activo de E1 fue al menos un 10 % mejor que el grupo simulado en cada dia
(Figura[3.12), mientras que en E2, fue al menos un 4 % mejor en cada dia (Figura
3.13).

Ademas, el andlisis ERD / ERS de la Figura muestra que, en general, tanto

para E1 como para E2, parece haber més desincronizacién (ERD) en la banda
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mu del grupo tDCS que en el grupo sham. Por otra parte, esta desincronizaciéon
de la onda mu se produce principalmente en el drea sensoriomotora, como se
informa ampliamente en la literatura cuando hay ejecucién motora o imaginacién
motora [137], [138]. Esta desincronizacién parece ser mas evidente en el estudio
preliminar E2 que en E1, pero en ambos casos se observa. Por lo tanto, el grupo
tDCS activo para ambos experimentos parece mejorar la modulacién de la banda

mu y el control de BMI.

Comparando los resultados entre E1 y E2, el exoesqueleto mejor6 la precisién
y el control de la BMI obteniendo 16,7 % y 21,2 % mds precisién para el grupo de
tDCS y sham respecto a E1. Esto puede ser debido por diferencias en el protocolo
experimental. Primero, por la distinta duracién de los periodos de relajacién e
imaginacién. Y mds importante, los usuarios de E1 indicaron que la realimenta-
cién visual hacia mas complicada la realizacion de la prueba, frustrandoles cuan-
do la barra no incrementaba y generandoles ansiedad durante la prueba. Mien-
tras que en E2 la realimentacion del exoesqueleto era mds natural ya que generaba
movimiento del cuerpo, aunque no estaba inducida por los musculos del usuario.
También es interesante comparar los resultados de E1 y E2 a través del analisis
ERD / ERS. Se observa que la desincronizacién es mas fuerte y més consistente
en E2 que en E1. Esto parece ser consistente con algunos resultados en la literatu-
ra que involucran exoesqueletos de miembros superiores [139], que encontraron
que el poder discriminativo del drea sensoriomotora es mayor cuando se usa un

exoesqueleto, proporcionando asi un beneficio en términos de la BMI disefiada.

Esta aportacion ha sido desafiante ya que implicaba la combinacién de tDCS
con una BMI en tiempo real conectado a un exoesqueleto. Los exoesqueletos nor-
malmente estan pre-programados o controlados por terceros dispositivos (joys-
ticks, aplicaciones de teléfonos moviles, etc.), pero sélo hasta hace relativamente
poco tiempo se comenz6 a controlar a través de BMIs. El disefio de una BMI en
tiempo real tampoco es trivial en si mismo. Por lo tanto, el estudio de BMIs para
controlar un exoesqueleto en tiempo real estd apenas comenzando y tiene muchas
posibles aplicaciones clinicas, especialmente en la rehabilitacién de pacientes. Por

ende, combinar este concepto con tDCS, que tiene como objetivo mejorar y acele-
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rar la capacidad cognitiva, enriquece y aumenta esas aplicaciones atin més.

Para terminar, se van a comentar algunos aspectos respecto al funcionamien-
to en tiempo real del exoesqueleto en E2. Para tener una verdadera utilidad de
usar una BMI con el exoesqueleto, el andlisis de las detecciones falsas durante los
periodos de relajacion es importante, y reducirlo es un objetivo esencial. La tasa
de tales detecciones se conoce como tasa de falsos positivos, o FPR (que es el com-
plemento de la precisién cuando se restringe solo a los periodos de relajacién). Al
promediar ambos grupos en E2, el FPR fue del 11,7 % (equivalente a una preci-
sion del 88,3 % durante la relajacién), con un FPR del 11,3 % para el grupo tDCS
y del 12,1 % para el grupo sham. Los valores para ambos grupos fueron muy si-
milares, lo que muestra que el aumento general en la precision resultante de la
estimulacion del grupo tDCS se debié a un aumento de la precisién durante los
periodos de imaginacién (de hecho, la precisién en esos periodos fue del 92,7 %
para el grupo de tDCS y de 80,4 % para el grupo sham). En cualquier caso, en ge-
neral, estos valores de FPR parecen razonables para este experimento preliminar,

pero reducirlos ain mds es un objetivo a futuro.
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Capitulo 4

CONCLUSIONES Y TRABAJOS
FUTUROS

Conclusiones

Cada afio aumenta el nimero de personas que ha sufrido un accidente cerebro-
vascular (ACV) quedando con secuelas en su sistema motriz y, muchas veces, con
pérdida de su autonomia. Ello ha provocado el impulso de la comunidad cientifi-
ca a investigar nuevas terapias de rehabilitacion. Los primeros 6 meses tras este
tipo de lesion son cruciales a la hora de experimentar una mejora notable y evi-
tar sufrir consecuencias mas agudas. Por esta razén, es importante disponer de

herramientas que les involucren tanto a nivel muscular como cognitivo.

Para mejorar esta situacion, esta tesis se ha centrado en la combinacién de las
interfaces cerebro-méquina (BMI por sus siglas en inglés) y la estimulacién trans-
craneal por corriente directa (tDCS por sus siglas en inglés). Estas herramien-
tas permiten tanto el desarrollo de mecanismos de asistencia como rehabilitacién

neurolégica.

Las aportaciones maés relevantes de esta tesis son las siguientes:
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Se han disefiado BMIs capaces de controlar un dispositivo externo en tiem-

po real usando las sefiales electroencefalograficas (EEG) del usuario.

Se han disefiado BMISs capaces de detectar la intenciéon de ejecutar el peda-

leo.

Usando las BMIs, se ha discernido entre la imaginacién motora de las ex-
tremidades inferiores y la relajacién. Esto se hizo tanto para pedaleo como

para la marcha.

Se ha encontrado una configuracién de electrodos de tDCS capaz de mejorar

el control de las interfaces cerebro-maquina disefiadas.

Se han aplicado las BMIs basadas en sefiales EEG para controlar en tiempo
real un exoesqueleto que se mueve en relacién a la imaginaciéon de marcha

por parte de un usuario sano.

Se han combinado técnicas de tDCS junto con el control en tiempo real de
un exoesqueleto por medio de BMIs que detectan la imaginacién de movi-

miento en extremidades inferiores.

Se han obtenido resultados prometedores usando la combinacién de la tDCS,
BMI en tiempo real y exoesqueletos para aplicarlo a pacientes que hayan
sufrido un ACV con secuelas en las piernas y mejorar su proceso de rehabi-

litacion.

Trabajos Futuros

Aunque se han conseguido grandes avances con la realizaciéon de esta Tesis, atin

queda mucho trabajo por realizar en este campo. Se deben seguir desarrollando

diversos aspectos de las siguientes lineas de investigacion para continuar mejo-

rando el proceso de rehabilitacién:

= Combinar la BMI en tiempo real, la estimulacién tDCS y el uso de una pe-

dalina para mejorar la movilidad de la pierna afectada tras un ACV. Antes
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de que un paciente se ponga de pie e intente caminar, es recomendable for-
talecer dicha via neuronal. Para ello, la utilizacién de la imaginacién mo-
tora en una BMI, al activar zonas neuronales comunes que la ejecucién de
dicho movimiento, puede reforzar dicha via neuronal con entrenamiento.
Ademas, el uso de la tDCS, al modular la excitabilidad cortical, puede favo-
recer la comunicacién entre el cerebro y los movimientos de los musculos a

través de la via corticoespinal.

Realizar experimentos en tiempo real con pacientes de ACV combinando
la BMI, la tDCS y el exoesqueleto de miembro inferior. De esta manera se
podréd comprobar si estos mecanismos mejoran el proceso de rehabilitacion

de los pacientes, su autonomia y calidad de vida.

Incorporar la estimulacién magnética transcraneal al protocolo experimen-
tal para evaluar si hay cambios plésticos neuronales. Esto permitird obtener

una medida més robusta de la plasticidad.

Evaluar nuevas intensidades y montajes tDCS para estudiar su eficacia en

la mejora del proceso de rehabilitacion.

Evaluar los artefactos generados por la BMI para dotar al sistema de mayor

robustez durante las pruebas experimentales.

Realizar un estudio comparativo de los beneficios de diferentes terapias de

rehabilitacién en pacientes de ACV.
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Capitulo 5

PUBLICACIONES

5.1. Publicacion revista R1
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Personalized Offline and
Pseudo-Online BCIl Models to Detect
Pedaling Intent

Marisol Rodriguez-Ugarte *, Eduardo lafez, Mario Ortiz and Jose M. Azorin

Brain-Machine Interface Systems Lab, Systems Engineering and Automation Department, Miguel Hernandez University of
Elche, Elche, Spain

The aim of this work was to design a personalized BCI model to detect pedaling intention
through EEG signals. The approach sought to select the best among many possible BCI
models for each subject. The choice was between different processing windows, feature
extraction algorithms and electrode configurations. Moreover, data was analyzed offline
and pseudo-online (in a way suitable for real-time applications), with a preference for the
latter case. A process for selecting the best BCI model was described in detail. Results for
the pseudo-online processing with the best BCI model of each subject were on average
76.7% of true positive rate, 4.94 false positives per minute and 55.1% of accuracy.
The personalized BCI model approach was also found to be significantly advantageous
when compared to the typical approach of using a fixed feature extraction algorithm and
electrode configuration. The resulting approach could be used to more robustly interface
with lower limb exoskeletons in the context of the rehabilitation of stroke patients.

Keywords: pedaling intention, pseudo-online, offline, electrode configurations, feature extraction algorithms,
personalized brain-computer interfaces

1. INTRODUCTION

The scientific community has increasingly become more conscious of the problems suffered by
people with motor disabilities, including their rehabilitation process. The use of brain-computer
interfaces (BClIs) as an alternative pathway for those people who cannot move their limbs properly
has been extensively studied in the literature (Dobkin, 2007; Daly and Wolpaw, 2008). Offline
processing of the electroencephalography (EEG) signals can often be accurate and useful as an a
posteriori tool, while a continuous processing of the signals, called here a pseudo-online analysis,
may produce results of lower quality, but is much more reliable for use in active therapies that
directly involve the patient’s central nervous system (Daly and Wolpaw, 2008; Lopez-Larraz et al.,
2014). Indeed, exoskeletons, which are devices assisting a patient’s affected limb (Hortal et al.,, 2015),
can be combined with BCIs to improve the rehabilitation process in terms of time and quality
(Pennycott et al., 2012; Rodriguez-Ugarte et al., 2016).

The basis of BClIs is to extract neural oscillations (often in the form of EEG signals), commonly
known as brain waves, and translate them into commands to control a device. These waves are
categorized by the frequency bands associated with the performance of some activity, and by the
predominant location where they are generated (Rao, 2013). Some frequency bands are: delta (0.1-
4 Hz), associated to deep sleep (Amzica and Steriade, 1998); theta (4-7 Hz), related to drowsiness
(Schacter, 1977); alpha (8-15 Hz); mu (8-12 Hz), detectable in the sensorimotor cortex (Steriade,
2005); beta (16-31 Hz), detectable over the parietal and frontal lobe (Rao, 2013); and gamma
(21-100 Hz).
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Accurately detecting movement intent ideally involves
detecting the movement before it even initiates, but may
encompass both the moments previous and the initial phases of
movement. In any case, the idea is to detect the movement as
early as possible from the brain waves, and typically, the earlier
one wishes to detect movement initiation, the more challenging
it becomes. Recent studies have found two phenomena
to detect movement intent: the Bereitschaftspotential (BP)
(Bhagat et al, 2014; Xu et al, 2014) and event-related
desynchronization/synchronization (ERD/ERS) (Bai et al., 2007;
Planelles et al., 2014). BP is a motor related cortical potential
(MRCP) (Jahanshahi and Hallett, 2003). Its detection usually
requires averaging across many trials due to its small amplitude
and low frequency, meaning that its real-time detection
is typically not viable. Meanwhile, ERD/ERS are frequency
fluctuations detectable in the mu and beta bands. These
phenomena start about 2 s before movement onset with a
decrease of the band power (ERD), followed by its increment
(ERS) at about 2 s after the movement onset (Toffanin et al,,
2007; Nam et al, 2011). Overall, detection of movement
intent using EEG signals has been studied in subjects when
performing reaching tasks, walking, hand movement or hand
motor imagery (Bai et al.,, 2007; Ibafiez et al.,, 2010; Bai et al,,
2011; Lew et al, 2012; Ldpez-Larraz et al., 2014; Sburlea
et al, 2015). However, many of these studies suffer from
only being tested offline, or from experimental setups that
produce unrealistic EEG signals when compared to real-life self-
initiated movement (Pfurtscheller et al., 2006; Lehtonen et al.,
2008).

Outcomes of the effectiveness of BCIs on detecting an activity
are often highly subject-dependent (Ang and Guan, 2013; Rohm
etal,, 2013), and therefore processing the data in several different
ways and choosing the most effective way for each subject can
be very useful in improving the results. Key factors in data
processing include window selection (whether only time before
movement onset, or time before and after movement onset
is considered), electrode configurations and feature extraction
algorithms. The usual approach involves uniformly using a fixed
subject-independent electrode configuration (with associated
filters) and feature extraction algorithm. On the other hand, the
approach in this work is distinctive in being flexible on the choice
of these parameters, so that the BCI model is better adapted to
each subject.

The purpose of this work was to design a personalized BCI
capable of detecting the intention of self-initiated pedaling. This
included consideration of a wide array of processing algorithms
for both offline and pseudo-online. To compare the results, a
metric was defined, and a procedure to choose the best algorithm
for each particular subject was described. More precisely, two
different processing windows, with eight different electrode
configurations, and with five different extraction algorithms were
studied. To determine the effectiveness and reliability of the BCI,
the average and variance of three important parameters were

Abbreviations: E.C., Electrode Configuration; MVA, Majority Vote Algorithm;
Acc, Accuracy; WD, Weighted Discriminator.

reported: the true positive rate (TPR), the false positives per
minute (FP/min) and the accuracy (Acc).

Detection of asynchronous pedaling intention was
contemplated in the context of stroke patients looking to
improve their walking ability. The results in this work are a
stepping stone toward that final goal. Thus, there was more
effort invested in the analysis of pseudo-online processing, due
to its relevance in active therapies involving patients (e.g., via
exoskeletons). Having said that, for now, only healthy subjects
were considered. Pedaling, which is a complex motor task, was
chosen over walking, because it may represent an important
intermediate step in patient recovery before attempting gait.
Additionally, it permits a more controlled experimental setting
of the lower limbs, which for example avoids artifacts such as
head movements.

2. MATERIALS AND METHODS

2.1. Subjects

Five healthy subjects between 24 and 35 years old (3 males and
2 females, 28.6 £ 4.2 years), all right footed, took part in this
experiment. The subjects did not have any known neurological
diseases and all of them gave written informed consent according
to the Helsinki declaration. The Ethics Committee of the Office
for Project Evaluations (Oficina Evaluadora de Proyectos: OEP)
of the Miguel Herndndez University of Elche (Spain) approved
the study.

2.2. Test Description

The experiment consisted on pedaling and resting during periods
of time in which EEG and motion signals were recorded. Subjects
were sat at a comfortable distance from a pedal exerciser, as
shown in Figure 1. Each subject performed one session, which
was composed of 16 trials. Each trial consisted of 5 pedaling
cycles, with each cycle defined as: 10 s of resting, followed by a cue
from the experimenter indicating the subject to initiate pedaling
at their own volition for about 5 s. Before starting the experiment,
subjects were told to wait without counting a minimum of 3 s
between the cue and the pedaling movement. This requirement
was specified in order to avoid the influence of cue presentation
in the EEG signals. If this period was not fulfilled, the trial was
discarded. Figure 2 shows a sketch of the protocol.

2.3. BCI Design

A BCI aiming to detect pedaling intent through EEG signals
was designed by searching for ERD/ERS in the mu and beta
bands. To achieve this, five different feature extraction algorithms
were considered. In addition, each algorithm was applied using
two different types of processing windows: those with only time
before movement onset, and those with time before and after
movement onset. Furthermore, each combination of window
type and algorithm was tested with eight different electrode
configurations. Then, all this data was utilized to select a
personalized BCI for each subject. This will be explained in more
detail throughout this section.

Data was divided in two types: training and test data. Both
types follow the same process: signal acquisition, data selection,
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EEG SYSTEM

PEDAL
EXERCISER

FIGURE 1 | Experiment setup. Subjects sat at a comfortable distance to
pedal in a pedal exerciser wearing two IMUs per leg and an EEG reader. Both
systems were connected to a computer to process the signal. The participant
in the picture gave written informed consent to publish the image.

preprocessing, channel selection, and feature extraction. The
features and their corresponding class of training data were used
to create the model. Then, that model was used to classify the
features extracted from the test data. More details will follow
later.

In terms of software, a MATLAB (MathWorks Inc,
Massachusetts, United States) platform was developed to
record, process and classify the EEG signals. Test data was
processed using offline and pseudo-online analyses. The offline
analysis consists of recording the EEG signals and then, without
the acquisition hardware, loading and analyzing them. As will
be observed later, classification and processing of data analyzed
offline requires the knowledge of the full signal beforehand (e.g.,
use of cross validation and majority vote algorithms). On the
other hand, the pseudo-online analysis bears some similarities
with the offline analysis in the local processing of the data, but
crucially differs in that the EEG signals are treated as if they were
to be processed in real-time. Therefore, only the data before a
given time is used for classification, and data selection requiring
prior knowledge of the movement onset is impossible with
this type of analysis. Hence, the pseudo-online analysis is more
challenging to design and implement than the offline analysis,
but has the advantage of having potential use in real-time
activities, such as interfacing with exoskeletons. The word pseudo
is used here to clarify that in this work the EEG data was not
processed in real-time during the experiments themselves, but

VARIABLE
TIME
l | I A
Time 1 10 lhd 19
(5) L r A Y )

1
RESTING RESTINGl PEDALING

CUE  VOLITIONAL
MOVEMENT
FIGURE 2 | Experiment protocol: Subjects remain for about 10 s still followed

by a cue to start pedaling for about 5 s. Time between the cue and the
pedaling start is at least 3 s.

instead was collected and a posteriori was treated as such. This
was done to test the different pseudo-online schemes, so that in
the future a real-time processing of data is successfully achieved.

2.3.1. Signal Acquisition

The Enobio 32 EEG system (Neuroelectrics, Barcelona, Spain)
was used to extract the signals from the brain. It is a wireless
device with 32 electrodes based on the International 10-10 system
(P7, P4, CZ, PZ, P3, P8, Ol, 02, C2, F8, C4, F4, FP2, FZ, C3,
F3, FP1, Cl, F7, OZ, PO4, FCe, FC2, AF4, CP6, CP2, CP1, CP5,
FC1, FC5, AF3, PO3) and with two reference electrodes (CMS
and DRL). The reference electrodes were located on each subject’s
earlobe with the help of an earclip. Signals were acquired at
a sampling frequency rate of 500 Hz. This system is shown in
Figure 1.

Furthermore, to verify the reliability of the BCI system,
its output was compared to the Tech MCS system’s output
(Technaid S.L., Spain). This wireless device is based on inertial
measurement units (IMUs). Each IMU is composed by three
micro sensors: a 3D gyroscope, a 3D magnetometer and a 3D
accelerometer. Nineteen parameters are registered by each IMU,
but only the gyroscope in X was utilized to detect when a real start
of the pedaling movement was produced. Data was registered at
a frequency of 20 Hz through a HUB connected to the USB port
of the PC. Subjects wore two IMUs per leg: one located on the
external part of the ankle and the other one located on the tibialis
anterior, as can be appreciated in Figure 1. It should be noted that
there are “cheaper” alternatives to measuring angular velocities
which do not involve IMUs, but ultimately equipment availability
was the deciding factor.

2.3.2. Data Selection

The angular velocities associated to the two IMUs in each leg were
averaged, and the real start was defined when both leg averages
exceeded a threshold. Meanwhile, 32 EEG signals where acquired
and, part of this data was selected.
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As reported in Toffanin et al. (2007), the potential generated
by movement intention appears 2 s before the movement onset
and it lasts until around 2 s after the onset. Hence, two types of
processing windows were studied: 2 and 4 s processing windows.
In addition, data was separated in two classes: rest and start.
These two classes were defined according to the real start and the
processing window selected. For 4 s processing windows, the start
class window was defined from 2 s before to 2 s after the real start
was produced. For 2 s processing windows, the start class window
was defined from 2 s before up to the real start. The rest class
window was chosen to be the same duration as the corresponding
start class window and was located before the start class window
with a gap of 0.5 s between the two classes. Figure 3 presents these
two classes with the two different types of processing windows.
The EEG training data was selected from these class windows.

For the offline analysis, the window placement also
determined where EEG test data was selected from, while
for the pseudo-online analysis the whole pedaling cycle data was
used as EEG test data. Thus, for the pseudo-online analysis, the
window placement merely served as a marker to determine if a
given detection was located in the start class window or not.

2.3.3. Pre-processing

Preprocessing was carried out in order to improve the signal to
noise ratio. Rest and start class windows were analyzed in 1 s
epochs with a 200 ms shift. For each epoch a notch filter was
applied to suppress the power line interference at 50 Hz. Then, a
4th order Butterworth high-pass filter with a cut-oft frequency of
0.2 Hz was used to remove the direct current. Finally, a common
average reference (CAR) filter was computed as in McFarland
etal. (1997). This filter removed from each electrode the influence
of the other ones by using the mean potential.

2.3.4. Channel Selection

Once the epoch was preprocessed, an electrode configuration
was selected. Eight different electrode configurations (E.C.) were
studied to determine which one presented better results for each

subject. These are illustrated in Figure 4. The electrodes of each
configuration were located on the somatosensory and motor
cortex, which were the areas where most of the neural activity
was expected.

2.3.5. Feature Extraction

For each epoch of interest, five different feature extraction
algorithms were implemented in order to evaluate the optimal
one for each subject:

e Algorithm A: The mean bandpower of the signal between 18
and 28 Hz was calculated for each electrode. Therefore, this
method provided one feature per electrode.

e Algorithm B: Fast Fourier Transform (FFT) was applied to
each electrode to evaluate the spectrum in the 0-50 Hz
frequency range with 1 Hz resolution. The Euclidean norm of
the resulting vector (of size 50) was then computed. Using this
method, there was one feature per electrode.

e Algorithm C: This algorithm computed the mean of the power
spectral density of the bands of 1-4 Hz, 8-12 Hz, and 13-
28 Hz. Therefore, for each electrode there were three features.

e Algorithm D: For this method, the best frequency for
each electrode, which corresponds to the potential with the
highest variation between classes, was calculated. First, the
power spectral density between 8 and 28 Hz with 0.5 Hz
of resolution was applied. Then, rest and start class were
separated and normalized. For each electrode, the frequency
for which the maximum difference between classes occurred
was selected and denominated as the optimal frequency.
These optimal frequencies for each electrode were part of
the model. Finally, the mean power spectral density of each
electrode in the range of its optimal frequency &+ 1 Hz
was calculated. Using this method there was one feature per
electrode.

e Algorithm E: FFT with a 1 Hz resolution was applied to
each electrode. Then, the sum of three frequency ranges
was determined for each electrode: mu (8-12 Hz), beta low
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FIGURE 4 | Electrode configurations based on the International 10-10 system. For each electrode configuration, the red electrodes were the ones selected.
Configuration 1 focused on the motor and premotor areas; 2 focused on the motor area; 3 focused on the premotor area; 4 focused on the left side of the motor and
premotor areas; 5 focused on the left side of the motor, premotor and medial areas; 6 focused on the right side of the motor and premotor areas; 7 focused on the
right side of the motor, premotor and medial areas; and 8 was a reduced version of the first configuration, which focused on the motor and premotor areas.
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(12-24 Hz) and beta high (24-30 Hz). This method provided
three features for each electrode.

2.3.6. Classification

A support vector machine (SVM) classifier was used to create the
model and classify the data. This classifier is based in hyperplane
separation by maximizing the margin between the nearest points
of the different classes (Steinwart and Christmann, 2008). When
combined with nonlinear kernels, the classifier is one of the most
robust and often provides better outcomes than other classifiers
like linear discriminant analysis (Hortal et al., 2016; Sburlea et al.,
2016). In this work a radial basis function was utilized as a kernel
for the SVM.

For the offline analysis a cross-validation was performed:
fifteen trials were used to create the model and one to test
it; the process was repeated 16 times until all the trials were
tested; and the results were averaged among the 16 repetitions.
Indeed, each of the 16 created models was applied to classify
features of test data so that each epoch lying in the start or
rest classes was associated with an epoch prediction of either 0
(indicating nothing is happening) or 1 (indicating a detection).
Then, the epoch predictions were grouped appropriately into the
corresponding class in which they belonged (resulting in groups
of 16 for 4 s windows and groups of 6 for 2 s windows), and
a majority vote algorithm (MVA) was used for each group to

produce a single prediction (either 0 or 1) per group. If the output
of the MVA was a tie, the output of the classifier for that group
was 0. Then, that outcome was compared with the real value of
the class (0 for the rest class and 1 for the start class). This process
can be seen in Figure 5A.

For the pseudo-online analysis, the first 10 trials were used
to create the model and the other 6 to test it. For each epoch,
the classifier took a decision (an epoch prediction). Afterward, a
voting queue algorithm was used. This algorithm determined that
a pedaling initiation detection was produced after 5 consecutive
detections. The detection was then checked to see if it lied in
a start class window, in which case it was a true detection, and
otherwise was labeled as a false positive. If many true detections
occurred in a fixed start class window, only one true detection
was counted. Figure 5B shows this classification analysis.

2.4. Post-processing
In order to quantify the results, different parameters were
calculated:

e True positive rate (TPR): indicates the percentage of real
pedaling intentions that were correctly classified as such,

Number of true detections
TPR = . (1)
Number of true events
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e False positives per minute (FP/min): represents how many
times per minute the classifier detects a pedaling intent during
resting,

. Number of false detections
FP/min = ————— . (2)
Rest time in minutes

e Accuracy (Acc): denotes how many pedaling intentions
detected were actually real pedaling intentions,

Number of true detections
Acc =

)

" Number of total detections

It is extremely convenient to have full knowledge of all three
parameters. Indeed, if one of the parameters is not known, there
are cases where one cannot determine with certainty whether
the classifier is working properly or not. For instance, if Acc is
100%, FP/min is 0 and the TPR is missing, it could be because
the classifier correctly detected just one pedaling intention out of
five, meaning the BCI would not be working very well despite the
known parameters having seemingly desirable values.

Moreover, as a unifying metric to differentiate results coming
from distinct processing schemes, a new combined parameter
was defined. It is called the weighted discriminator (WD) and is a
linear combination of TPR, Acc, and the false positive rate (FPR),
which is related to FP/min. The weights are chosen to reflect
the preferences of the authors in the corresponding parameter.
This unified parameter greatly facilitates statistical analysis
and comparison between different electrode configurations and
feature extraction algorithms. The weights chosen were -1.0 for
FPR, which one would want to minimize as much as possible (the
authors think false positives are highly undesirable in real-time
applications of the BCI); 0.6 for Acc, which the authors want to
give slight preference over TPR; and 0.4 for TPR, such that the
range of WD goes from -1 (in the worst case scenario) to 1 (in the
best case scenario). The equation for WD is then,

WD = 0.4 x TPR+ 0.6 x Acc — 1.0 x FPR. (4)

Here, the false positive rate (FPR) is defined as
FPR = (FP/min) x (Duration of a single FP in mins),  (5)

where that duration is precisely the window length (either 2 or
4 s) for the offline analysis and 1 s (equivalent to 5 consecutive
detections, each represented by the shift of 200 ms) for the
pseudo-online analysis.

3. RESULTS AND DISCUSSION

For each subject, the data was processed using both offline and
pseudo-online analyses, with two different types of processing
windows, five different extraction algorithms, and eight different
electrode configurations, for a total of 160 possible combinations
per subject. For each combination, the TPR, FP/min and Acc
were calculated as in Equations (1-3), and from these, the values
of FPR and WD were also computed as indicated in Equations

(4) and (5).
3.1. Offline Analysis

Table 1 shows the values of WD per subject after using an
offline analysis of the EEG data. As mentioned before, these were
averages that resulted from the cross-validation among the 16
trials (see Section 2.3.6). Additionally, for each subject, type of
processing window, and algorithm, the WD was averaged among
the eight different electrode configurations (E.C.), and this is
referred to here as the E.C.-averaged WD. These were reported in
Table 1 as well. Then, based on these E.C.-averaged WD values,
the “best” two algorithms (for each subject and type of processing
window) were chosen as those corresponding to the two highest
averages. The selected algorithms were marked with two asterisks
in Table 1.

The 4 s processing windows include time after which the
movement has initiated (see Figure 3) and are comprised of 16
epochs, while the 2 s processing windows only include the 6
epochs preceding movement initiation. Thus, intuitively, it is
much more demanding to detect the ERD/ERS phenomena when
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TABLE 1 | WD value for all subjects using an offline analysis.

S E.C. Offline —2sto0s Offline —2sto2s
A B (o] D E A B [ D E
1 1 0.11 0.09 0.47 0.08 0.40 0.28 0.16 0.60 0.51 0.27
2 0.21 0.02 0.26 0.17 0.22 0.32 0.02 0.41 0.53 0.47
3 0.07 0.26 0.40 0.24 0.26 0.17 0.27 0.61 0.50 0.39
4 0.04 0.01 0.24 0.39 0.14 0.22 —0.05 0.61 0.68* 0.57
5 0.05 0.19 0.30 0.23 0.39 0.10 0.07 0.50 0.33 0.35
6 0.02 0.06 0.04 0.14 0.18 0.18 0.07 0.28 0.43 —-0.01
7 0.33 0.22 0.10 0.16 0.17 0.14 0.12 0.33 0.38 0.13
8 0.12 0.16 0.31 0.21 0.16 0.24 -0.12 0.56 0.52 0.36
Avg. 0.12 0.13 0.27* 0.20 0.24* 0.21 0.07 0.49™ 0.48™ 0.32
2 1 —-0.13 0.12 —-0.14 —-0.07 0.29 0.36 0.68 0.62 0.74 0.72
2 0.03 0.15 -0.07 0.04 0.41 0.07 0.59 0.39 0.70 0.70
3 -0.21 0.11 -0.23 —0.04 0.16 0.27 0.71 0.57 0.69 0.67
4 -0.02 0.12 0.09 -0.11 0.34 0.32 0.48 0.25 0.64 0.71
5 —-0.09 0.16 -0.07 0.09 0.21 0.28 0.68 0.64 0.76* 0.74
6 -0.14 0.34 -0.11 -0.15 0.41 -0.16 0.56 0.58 0.74 0.75*
7 -0.16 0.25 -0.27 —0.09 0.36 0.27 0.66 0.57 0.72 0.76*
8 -0.17 0.41 —0.09 -0.12 0.35 0.29 0.68 0.56 0.75% 0.76*
Avg. -0.11 0.21** -0.11 —0.06 0.32** 0.21 0.63 0.52 0.72** 0.73*
3 1 0.25 0.15 0.20 0.21 0.28 0.47 0.20 0.51 0.61* 0.41
2 0.00 —0.01 0.17 —0.01 0.31 0.30 -0.12 0.51 0.57 0.40
3 0.15 0.19 0.29 0.07 0.26 0.36 0.13 0.57 0.52 0.41
4 0.17 0.37 0.19 0.21 0.23 0.30 0.11 0.57 0.55 0.50
5 0.04 0.26 0.14 0.07 0.30 0.31 0.32 0.58 0.46 0.46
6 0.02 0.10 0.20 0.19 0.15 0.28 0.07 0.58 0.59 0.27
7 0.06 0.32 0.20 0.10 0.23 0.21 0.06 0.44 0.57 0.35
8 -0.15 0.19 0.19 —0.05 0.12 0.29 0.11 0.53 0.57 0.44
Avg. 0.07 0.20* 0.20 0.10 0.24** 0.32 0.11 0.54** 0.56** 0.41
4 1 0.14 0.02 0.47 0.26 0.22 0.35 0.22 0.60" 0.61* 0.50
2 —-0.03 0.12 0.26 0.32 0.08 —0.01 0.16 0.41 0.48 0.22
3 0.10 —0.01 0.40 0.42 0.29 0.25 0.27 0.61* 0.59 0.53
4 0.08 0.14 0.24 0.22 0.18 0.14 —-0.12 0.61* 0.50 0.30
5 0.13 0.16 0.30 0.34 0.20 0.16 0.21 0.50 0.53 0.38
6 0.12 0.03 0.04 0.21 0.13 0.10 0.19 0.28 0.57 0.33
7 0.12 0.24 0.10 0.34 0.16 0.21 0.12 0.33 0.57 0.49
8 0.06 0.13 0.01 0.43 0.20 0.14 0.21 0.36 0.61* 0.40
Avg. 0.09 0.10 0.23* 0.32** 0.18 0.17 0.16 0.46™ 0.56™ 0.39
5 1 0.17 0.18 0.25 0.27 0.10 0.59* 0.25 0.58 0.54 0.52
2 0.11 0.02 0.07 0.15 0.08 0.53 0.15 0.32 0.56 0.40
3 0.06 0.10 0.17 0.24 0.12 0.43 0.16 0.33 0.53 0.31
4 -0.02 —0.08 0.01 —0.06 —0.02 0.48 0.23 0.10 0.24 0.31
5 0.26 0.21 0.11 0.13 0.05 0.49 0.11 0.32 0.47 0.42
6 0.24 0.03 0.26 0.27 0.09 0.42 0.28 0.45 0.50 0.46
7 0.33 0.00 0.26 0.20 0.03 0.54 0.09 0.55 0.53 0.37
8 0.15 -0.11 0.20 0.26 0.20 0.50 0.32 0.47 0.55 0.41
Avg. 0.16 0.05 0.17* 0.18* 0.08 0.50" 0.20 0.39 0.49* 0.40

Results for the 2 s processing windows are shown on the left, while those of the 4 s processing windows are shown on the right. The best two feature extraction algorithms for each
subject (S) are indicated with two asterisks. The best electrode configurations for those algorithms are also pointed out with one asterisk (those within 0.01 of the highest WD value
among those two-asterisk-columns).

Frontiers in Neuroinformatics | www.frontiersin.org 7 July 2017 | Volume 11 | Article 45



Rodriguez-Ugarte et al.

Personalized Pedaling Intent BCI Models

TABLE 2 | TPR, FP/min and Acc results for the best offline feature extraction
algorithm and electrode configuration of each subject (S) with 4 s processing
windows.

Algorithm E.C. TPR (%) FP/min Acc (%)
1 D 4 63.8 +£24.5 1.69 +2.18 89.1 +£13.7
2 E 6 50.0 £27.3 0.19 £0.75 93.8 +25.0
3 D 1 71.3+£29.2 2.25+257 78.6 +26.9
4 C 3 67.5+20.5 2.44 +2.50 83.7 + 16.8
5 A 1 825 +21.8 3.56 + 4.55 82.8+20.8
Average 67.0 2.03 85.6

using the 2 s windows than with the 4 s windows. Indeed, as
expected, the WD values for the 2 s processing windows were
considerably lower (the E.C.-averaged WD values did not go
beyond 0.32) than those of the 4 s windows (where an E.C.-
averaged WD value of 0.73 was observed).

Clearly, the results varied across subjects and it was evident
that some electrode configurations and algorithms were better
suited to certain individuals. With this in mind, the goal was
to find the “best” combination of feature extraction algorithm
and electrode configuration for each person. This selection was
restricted to the 4 s processing windows given the stark difference
in the quality of the results when compared to the 2 s windows.
The “best” BCI for each subject was determined using the
following procedure:

1. The best two algorithms were selected based on the two
highest E.C.-averaged WD values. These were marked with
double asterisks in Table 1.

2. Among the 16 WD values associated to the two algorithms
and eight electrode configurations, the maximum WD value
was preselected along with all those WD values within 0.01 of
that maximum. These were marked with a single asterisk in
Table 1.

3. Lastly, among the preselected combinations, the one
corresponding to the electrode configuration with the lowest
number of electrodes was chosen (see Figure 4). If there was a
tie on the number of electrodes, the one with the highest WD
was selected. If the tie continued, one was chosen at random.

The best personalized BCIs with an offline analysis and 4 s
processing windows were tabulated in Table2. The cross-
validation averages and standard deviations of the TPR, FP/min
and Acc were reported.

3.2. Pseudo-Online Analysis

A more detailed examination of the pseudo-online analysis is
presented next. This is due to the long-term goal of using
these BClIs in active therapies to aid recovering stroke patients,
where an online processing of the signals is crucial. In real-time
applications it would be ideal to use the 2 s windows over the
4 s windows, since they would produce more natural movement
in a patient. Having said that, this choice is contingent upon the
quality of the results. For the pseudo-online analysis, the test data

was processed differently using the last 6 trials and then averaged
(with the first 10 training trials being used to create the models).
In fact, computing the WD values analogously to Table 1 again
showed much better results for 4 s processing windows than with
2 s windows. Thus, the results suggest that it is preferable to use
the 4 s processing windows, even if slightly delayed movement is
produced as a result of this choice. Indeed, from now on, only the
4 s processing windows will be investigated for the pseudo-online
analysis.

3.2.1. Best Personalized BCls

WD values were tabulated as in Table 1, but for compactness,
only the WD results for the two best algorithms of each subject
using 4 s processing windows were shown in Table 3. Note that
the best two algorithms per subject were the same for the offline
processing as with the pseudo-online processing, but this is a
consequence of this particular data set. In general, the best two
algorithms could be completely different for the two types of
analyses.

Also, notice the apparent contradiction that WD results for
some subjects seem to be higher with the pseudo-online analysis
than with the offline analysis. This happened due to the way
the false positives were detected, and thus in the way FP/min
and FPR were computed with the two different analyses (see
5). Indeed, due to the nature of the offline analysis, only one
FP can be detected per rest window. This means that if the
FPs were abundant in pseudo-online (say, 6 per rest window),
the FPR would be underestimated in the offline analysis, but
if the FPs were scarcer (an average of less than 4 per 4 s rest
window), the offline analysis would overestimate the FPR and
produce lower WD offline values. This can be observed when
computing the FPR from Tables 2, 4 and comparing. Thus, it is
not wise to compare results between offline and pseudo-online
analysis via WD. However, given a fixed type of analysis, it would
be justifiable to compare between electrode configurations and
feature extraction algorithms.

The best personalized BCIs were selected as described in
Section 3.1. The TPR, FP/min and Acc for those personalized
configurations are displayed in Table4, where the standard
deviations were computed from the 6 different test trials of each
subject.

3.2.2. Are Personalized BCls Worthwhile?

The purpose of this section is to show that the use of personalized
BCIs is indeed preferable over a more traditional approach,
were the electrode configuration and feature extraction algorithm
are fixed and are used uniformly for all subjects. The goal is
also to determine to what extent the personalization of the
BCI among all subjects makes sense for this data set. To do
this, a criteria to find the best feature extraction algorithm
among all subjects (not per subject) is described. Then, for that
fixed algorithm a procedure to choose the best (personalized)
electrode configuration per subject is outlined. Next, the results
are statistically compared with those of the “fully” personalized
BCI described in the previous section (reported in Table 4).
Finally, given the choice of the best algorithm, a method to choose
the best electrode configuration among all subjects is described,
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TABLE 3 | WD values for the best two feature extraction algorithms of each subject with pseudo-online analysis for the 4 s processing windows.

E.C. Subject 1 Subject 2 Subject 3 Subject 4 Subject 5
Cc D B E Cc D (o] D A E

1 0.24 —0.04 0.81 0.81 0.42* 0.37 0.74* 0.47 0.34 0.36
2 0.22 0.18 0.69 0.77 0.33 0.43* 0.74* 0.48 0.35 0.42*
3 0.30* 0.15 0.61 0.84 0.41 0.29 0.67 0.51 0.32 0.24
4 0.29 0.31* 0.53 0.85 0.38 0.38 0.67 0.38 0.23 0.42*
5 0.22 0.11 0.60 0.82 0.36 0.29 0.67 0.38 0.35 0.27
6 0.16 0.27 0.73 0.77 0.37 0.33 0.68 0.57 0.35 0.23
7 0.17 0.14 0.86 0.84 0.28 0.31 0.71 0.58 0.29 0.24
8 0.23 0.06 0.89* 0.76 0.35 0.35 0.70 0.57 0.28 0.32

The best electrode configurations are pointed out with one asterisk.

TABLE 4 | TPR, FP/min, and Acc resullts for the best pseudo-online feature
extraction algorithm and electrode configuration of each subject (S) with 4 s
processing windows.

TABLE 5 | TPR, FP/min and Acc results for the pseudo-online feature extraction
algorithm D and the best personalized electrode configuration of each subject (S)
with 4 s processing windows.

S  Algorithm E.C. TPR (%) FP/min Acc (%) S E.C. TPR (%) FP/min Acc (%)

1 D 4 83.3+156.1 10.3 £6.33 251 £ 11.7 1 4 83.3+ 1561 10.3 £6.33 251 £ 11.7

2 B 8 76.7+234 008+020 96.7+8.16 2 4 66.7 + 16.3 0.26 +0.45 90.0 + 16.7

3 D 2 86.7 +£20.7 6.83+329 32.1+9.33 3 2 86.7 £ 20.7 6.83 + 3.29 32.14+9.33

4 C 2 76.7 £ 156.1 3.74+220 81.8+1569 4 6 86.7 + 16.3 3.76 £ 2.10 47.0+9.38

5 E 4 60.0+17.9 3.73 + 1.82 39.9+14.7 5 1 56.7 +£23.4 3.83 + 1.07 356.5 +9.63
Average 76.7 4.94 56.1 Average 76.0 5.00 46.0

leading to a fixed algorithm and electrode configuration. Again,
the results are statistically compared with those of the “fully”
personalized BCI.

The procedure used to choose the best uniform feature
extraction algorithm was as follows:

1. For each subject and algorithm its E.C.-averaged WD was
computed (WD values were averaged among electrode
configurations). These values were then averaged among the
subjects, so that a single averaged WD represented each
algorithm.

2. The algorithm associated to the highest such average was
selected.

Taking these steps yielded that the best uniform algorithm was
D, followed closely by algorithms C and E. Next, given this
choice of best algorithm, the method to select the best electrode
configuration per subject was:

1. Given the best uniform algorithm, there are eight WD values
associated to the eight electrode configurations per subject.
The maximum WD value was preselected along with all those
WD values within 0.01 of that maximum.

2. Among the preselected WD values, the one corresponding
to the electrode configuration with the lowest number of
electrodes was chosen (see Figure 4). If there was a tie on
the number of electrodes, the one with the highest WD was
selected. If the tie continued, one was chosen at random.

For a pseudo-online analysis and 4 s processing windows,
the BCIs associated with the best uniform algorithm and a
personalized electrode configuration are presented in Table 5.

To get a better statistical sample to compare the results of
Tables 4, 5, the WD values of each of the 6 test trial sessions
were computed for each subject. This yielded 30 WD values
(from 5 subjects and 6 trial sessions) associated to the BCIs
in Table 4 and the same with Table 5. A Wilcoxon signed-rank
test determined that the differences of these samples were not
statistically significant (p = 0.07) at the standard 5% significance
level. Thus, for this particular set of subjects it would make sense
to use D as a fixed feature extraction algorithm. This can be
helpful to reduce processing time when determining the best
possible personalized BCI, since one must only seek between
different electrode configurations, instead of different algorithms
plus electrode configurations.

Lastly, the idea was to find the best “traditional” approach
by finding the feature extraction algorithm and electrode
configuration that best suited all subjects. The procedure to find
the algorithm that best fitted all subjects was already described,
while that of finding the optimal electrode configuration was as
follows:

1. Given the best uniform algorithm, the WD values were
averaged among the subjects for each electrode configuration.
This gave a single averaged WD for each electrode
configuration.
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TABLE 6 | TPR, FP/min, and Acc results for the pseudo-online feature extraction
algorithm D and electrode configuration 4 for each subject (S) with 4 s processing
windows.

TPR (%) FP/min Acc (%)
1 83.3+ 15.1 10.3 +6.33 2561+ 117
2 66.7 + 16.3 0.27 +£0.45 90.0 + 16.7
3 96.7 + 8.16 10.1 £ 4.06 26.3 +£7.89
4 93.3+10.3 9.50 £ 2.51 27.5+7.85
5 70.0 +21.0 12.6 +3.32 17.2 +£3.17
Average 82.0 8.56 37.2

2. The electrode configuration associated to the highest such
average was selected.

Following this procedure yielded that the “traditional” approach
that best suited all subjects was that associated to the fixed use of
algorithm D and electrode configuration 4. The results associated
to these parameters are shown in Table 6.

The results of Tables 4, 6 were compared using the Wilcoxon
signed-rank test as described previously. In this case, there were
statistically significant differences (p 0.0007) of the two
samples. A quick inspection of Table 6 shows the results are
much less preferable than those of Table 4. Thus, it is clear that
a personalized BCI seems to be more suitable than a traditional
approach. This shows the power of considering personalized
BCls, as they give greater versatility in providing the best results
possible for a particular individual.

3.3. Further Discussion

To summarize, as one would expect, the 2 s processing windows
with only time before movement onset produce results of lower
quality (in terms of WD) than the 4 s processing windows which
include time before and after the movement onset. For this
reason, it seems preferable to use 4 s processing windows for
most purposes, even if they may cause a slight delay when used in
real-time applications. Furthermore, based on the WD values, a
rigorous procedure to select the best feature extraction algorithm
and electrode configuration for each subject was described.
Generally speaking, the optimal combination involves high WD
values along with the lowest number of electrodes possible.
The “minimization” of the number of electrodes is in part to
qualitatively pinpoint the areas of the brain that produce the best
results, and in part because results can be processed faster (which
may be useful in real-time processing of signals). Lastly, statistical
analyses determined that the fully personalized BCIs produced
better results than a traditional approach. Naturally, other choices
of feature extraction algorithms and electrode configurations
than those provided in this work are possible, and those are
left to the criteria of new researchers. However, the overarching
philosophy of personalizing the BCI to each subject is the key
point.

Regarding other work in the literature, it should be mentioned
that most studies are analyzed offline (Bai et al., 2007, 2011; Lew
et al,, 2012; Bulea et al., 2014; Jiang et al., 2015; Sburlea et al,,
2015). The results seem comparable in terms of TPR and Acc.

Having said that, in many cases comparisons are difficult, since
either the relevant parameters are not reported or they must be
post-processed from their own results. One study with a pseudo-
online analysis Ibafez et al. (2010) also presented similar results
in all parameters. Thus, the results in this work seem to be
consistent with those in the literature.

Pseudo-online personalized BCI models were preferred in
comparison with offline models, due to their potential use
with exoskeletons and other real-time applications. Specifically,
the goal is to use this approach in therapies to improve the
pedaling capabilities of recovering stroke patients who will be
aided by an exoskeleton (or some other medium). Indeed,
pedaling seems to be a natural intermediate step before fully
rehabilitating gait. The results in this work are valid for the
small sample of healthy subjects studied, but to make any
assertions in terms of the quality of the results in larger
population samples of healthy or recovering patients, more
experiments are needed. Having said that, when compared with
a traditional approach, the idea of personalizing the BClIs is
also expected to yield better results in the population of stroke
patients.

Regarding the limitations, a potential for concern in the results
of this work is the relatively high number of FP/min which is
highly undesirable when trying to detect self-initiated movement.
Thus, there is still room for improvement in trying to reduce
this variable. Finally, another future avenue of research with these
personalized BCI models is the detection of pedaling or walking
initiation via motor imagery, for which new protocols must be
designed.

4. CONCLUSIONS

A personalized BCI model aimed at the prediction of the
intention of self-initiated pedaling was successfully designed for
each subject. This included choosing among different types of
processing windows (2 possible), feature extraction algorithms
(5 possible) and electrode configurations (8 possible). Moreover,
this process was done both for offline analysis and pseudo-
online analysis. More precisely, a metric developed by the
authors, called the weighted discriminator (WD), was used to
compare different BCIs. Indeed, a procedure based on the WD
and used to select the best personalized BCI model of each
individual was described in detail. This procedure resulted in
a desirable choice of feature extraction algorithm and electrode
configuration for each specific subject. In general, a processing
window of longer duration and including time after movement
onset was preferred over the other type of processing window.
The results in pseudo-online for the best BCI models of each
subject were in average 76.7% of TPR, 4.94 FP/min and 55.1%
of Acc. More importantly, statistical analyses were used in a
systematic fashion to show that personalized BCIs provide better
results than a traditional approach, where a subject-independent
feature extraction algorithm and electrode configuration are used
for all subjects. Finally, in the context of the rehabilitation of
stroke patients, this approach may be useful in active therapies
to interface with a lower limb exoskeleton.

Frontiers in Neuroinformatics | www.frontiersin.org

10

July 2017 | Volume 11 | Article 45



Rodriguez-Ugarte et al.

Personalized Pedaling Intent BCI Models

AUTHOR CONTRIBUTIONS

MR is responsible for the design, implementation, acquisition
and data analysis. MR and EI took part in the interpretation
of data. In addition, EI and MO supervised the work and
contributed with the revision process. JA actively contributed as
director of the work.

FUNDING

This research was carried out in the framework of the project
Associate titled: Decoding and stimulation of motor and sensory
brain activity to support long term potentiation through Hebbian

REFERENCES

Amzica, F., and Steriade, M.
sleep delta waves. Electroencephalogr. Clin. Neurophysiol.
doi: 10.1016/S0013-4694(98)00051-0

Ang, K. K, and Guan, C. (2013). Brain-computer interface in stroke
rehabilitation. J. Comput. Sci. Eng. 7, 139-146. doi: 10.5626/JCSE.2013.7
2139

Bai, O, Lin, P., Vorbach, S., Li, J., Furlani, S., and Hallett, M. (2007). Exploration of
computational methods for classification of movement intention during human
voluntary movement from single trial EEG. Clin. Neurophysiol. 118, 2637-2655.
doi: 10.1016/j.clinph.2007.08.025

Bai, O., Rathi, V., Lin, P., Huang, D., Battapady, H., Fei, D.-Y,, et al. (2011).
Prediction of human voluntary movement before it occurs. Clin. Neurophysiol.
122, 364-372. doi: 10.1016/j.clinph.2010.07.010

Bhagat, N. A, French, J., Venkatakrishnan, A., Yozbatiran, N., Francisco, G. E.,
O’Malley, M. K., et al. (2014). “Detecting movement intent from scalp EEG
in a novel upper limb robotic rehabilitation system for stroke,” in 2014 36th

(1998). Electrophysiological correlates of
107, 69-83.

Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (Chicago: IEEE), 4127-4130.

Bulea, T. C., Prasad, S., Kilicarslan, A., and Contreras-Vidal, J. L. (2014).
Sitting and standing intention can be decoded from scalp EEG recorded
prior to movement execution. Front. Neurosci. 8:376. doi: 10.3389/fnins.2014.
00376

Daly, J. J, and Wolpaw, J. R.
in  neurological  rehabilitation.
doi: 10.1016/S1474-4422(08)70223-0

Dobkin, B. H. (2007). Brain-computer interface technology as a tool to augment
plasticity and outcomes for neurological rehabilitation. J. Physiol. 579, 637-642.
doi: 10.1113/jphysiol.2006.123067

Hortal, E., Planelles, D., Idfiez, E., Costa, A., Ubeda, A., and Azorin, J. (2016).
“Detection of gait initiation through a ERD-based brain-computer interface,”

interfaces
1032-1043.

(2008).
Lancet

Brain-computer
Neurol. 7,

in Advances in Neurotechnology, Electronics and Informatics (Rome: Springer),
141-150.

Hortal, E., Ubeda, A., Iafiez, E., Fernandez, E., and Azorin, J. M. (2015).
“Using EEG signals to detect the intention of walking initiation and stop,” in
International Work-Conference on the Interplay Between Natural and Artificial
Computation (Elche: Springer), 278-287.

Ibafez, J., Serrano, J., Del Castillo, M., and Barrios, L. (2010). “An asynchronous
BMI system for online single-trial detection of movement intention,” in 2010
Annual International Conference of the IEEE Engineering in Medicine and
Biology (Buenos Aires: IEEE), 4562-4565.

Jahanshahi, M., and Hallett, M. (2003). The Bereitschaftspotential: Movement-
related cortical potentials. New York, NY: Springer Science & Business Media.

Jiang, N., Gizzi, L., Mrachacz—Kersting, N., Dremstrup, K, and Farina, D.
(2015). A brain-computer interface for single-trial detection of gait initiation
from movement related cortical potentials. Clin. Neurophysiol. 126, 154-159.
doi: 10.1016/j.clinph.2014.05.003

and paired associative stimulation during rehabilitation of
gait (DPI12014-58431-C4-2-R), which is funded by the Spanish
Ministry of Economy and Competitiveness and by the European
Union through the European Regional Development Fund
(ERDF), “A way to build Europe.”

ACKNOWLEDGMENTS

The authors thank Neuroelectrics® for lending the Enobio
32 EEG system used in the experiments. The authors are
also grateful for the comments of the reviewers, which
significantly improved the quality and readability of the
article.

Lehtonen, J., Jylanki, P., Kauhanen, L., and Sams, M. (2008). Online
classification  of single EEG trials during finger —movements.
IEEE Trans. Biomed. Eng. 55, 713-720. doi: 10.1109/TBME.2007.
912653

Lew, E., Chavarriaga, R., Silvoni, S., and Millén, J. d. R. (2012). Detection of self-
paced reaching movement intention from EEG signals. Front. Neuroeng. 5:13.
doi: 10.3389/fneng.2012.00013

Lopez-Larraz, E., Montesano, L., Gil-Agudo, A., and Minguez, J. (2014).
Continuous decoding of movement intention of upper limb self-initiated
analytic movements from pre-movement EEG correlates. J. Neuroeng. Rehabil.
11:1. doi: 10.1186/1743-0003-11-153

McFarland, D. J., McCane, L. M., David, S. V., and Wolpaw, J. R. (1997).
Spatial filter selection for EEG-based communication. Electroencephalogr.
Clin.  Neurophysiol. ~ 103,  386-394. doi:  10.1016/S0013-4694(97)
00022-2

Nam, C. S., Jeon, Y., Kim, Y.-J., Lee, I, and Park, K. (2011). Movement
imagery-related lateralization of event-related (de) synchronization
(ERD/ERS): motor-imagery duration effects. Clin. Neurophysiol. 122, 567-577.
doi: 10.1016/j.clinph.2010.08.002

Pennycott, A., Wyss, D., Vallery, H., Klamroth-Marganska, V., and Riener,
R. (2012). Towards more effective robotic gait training for stroke
rehabilitation: a review. J. Neuroeng. Rehabil. 9:1. doi: 10.1186/1743-00
03-9-65

Pfurtscheller, G., Brunner, C., Schlégl, A., and Da Silva, F. L. (2006). Mu
rhythm (de) synchronization and EEG single-trial classification of different
motor imagery tasks. Neuroimage 31, 153-159. doi: 10.1016/j.neuroimage.2005.
12.003

Planelles, D., Hortal, E., Costa, A., Ubeda, A., Iafiez, E., and Azorin, J. M. (2014).
Evaluating classifiers to detect arm movement intention from EEG signals.
Sensors 14, 18172-18186. doi: 10.3390/s141018172

Rao, R. P. (2013). Brain-Computer Interfacing: An Introduction. New York, NY:
Cambridge University Press.

Rodriguez-Ugarte, M., Hortal, E., Costa, A., Idfiez, E., Ubeda, A., and Azorin,
J. M. (2016). Detection of intention of pedaling start cycle through
EEG signals. Conf. Proc. IEEE Eng. Med. Biol. Soc. 2016, 1496-1499.
doi: 10.1109/embc.2016.7590993

Rohm, M., Schneiders, M., Miiller, C., Kreilinger, A., Kaiser, V., Miiller-Putz, G. R.,
et al. (2013). Hybrid brain-computer interfaces and hybrid neuroprostheses
for restoration of upper limb functions in individuals with high-level spinal
cord injury. Artif. Intell. Med. 59, 133-142. doi: 10.1016/j.artmed.2013.
07.004

Sburlea, A. I, Montesano, L., de la Cuerda, R. C., Diego, I. M. A., Miangolarra-
Page, J. C., and Minguez, J. (2015). Detecting intention to walk in stroke
patients from pre-movement EEG correlates. J. Neuroeng. Rehabil. 12:1.
doi: 10.1186/512984-015-0087-4

Sburlea, A. I, Montesano, L., and Minguez, J. (2016). Advantages of EEG phase
patterns for the detection of gait intention in healthy and stroke subjects. arXiv
preprint arXiv:1605.04533.

Frontiers in Neuroinformatics | www.frontiersin.org

11

July 2017 | Volume 11 | Article 45



Rodriguez-Ugarte et al.

Personalized Pedaling Intent BCI Models

Schacter, D. L. (1977). EEG theta waves and psychological phenomena: a
review and analysis. Biol. Psychol. 5, 47-82. doi: 10.1016/0301-0511(77)
90028-X

Steinwart, I., and Christmann, A. (2008). Support Vector Machines. New York, NY:
Springer Science & Business Media.

Steriade, M. (2005). Cellular Substrates of Brain Rhythms, vol. 5. Philadelphia, PA:
Lippincott Williams and Wilkins.

Toffanin, P., Johnson, A, De Jong, R, and Martens, S. (2007).
Rethinking neural efficiency: effects of controlling for strategy
use. Behav. Neurosci. 121:854. doi: 10.1037/0735-7044.121.
5.854

Xu, R, Jiang, N., Lin, C., Mrachacz-Kersting, N., Dremstrup, K., and Farina,
D. (2014). Enhanced low-latency detection of motor intention from EEG for

closed-loop brain-computer interface applications. IEEE Trans. Biomed. Eng.
61, 288-296. doi: 10.1109/TBME.2013.2294203

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2017 Rodriguez-Ugarte, Idfiez, Ortiz and Azorin. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided the
original author(s) or licensor are credited and that the original publication in this
Jjournal is cited, in accordance with accepted academic practice. No use, distribution
or reproduction is permitted which does not comply with these terms.

Frontiers in Neuroinformatics | www.frontiersin.org

12

July 2017 | Volume 11 | Article 45



5.2. Publicacion revista R2

79



UNIVERSITA
Miguel
Herndandez

80



E sensors by

Article

Effects of tDCS on Real-Time BCI Detection of
Pedaling Motor Imagery

Maria de la Soledad Rodriguez-Ugarte *, Eduardo Iafiez, Mario Ortiz-Garcia
and José M. Azorin

Brain-Machine Interface Systems Lab, Miguel Hernandez University of Elche,

Avda. de la Universidad S/N Ed. Innova, Elche, 03202 Alicante, Spain; eianez@umbh.es (E.L);
mortiz@umh.es (M.O.-G.); jm.azorin@umbh.es (J.M.A.)

* Correspondence: maria.rodriguezu@umbh.es; Tel.: +34-965-222-459

check for

Received: 26 January 2018; Accepted: 5 April 2018; Published: 8 April 2018 updates

Abstract: The purpose of this work is to strengthen the cortical excitability over the primary
motor cortex (M1) and the cerebro-cerebellar pathway by means of a new transcranial direct
current stimulation (tDCS) configuration to detect lower limb motor imagery (MI) in real time
using two different cognitive neural states: relax and pedaling MI. The anode is located over the
primary motor cortex in Cz, and the cathode over the right cerebro-cerebellum. The real-time
brain—computer interface (BCI) designed is based on finding, for each electrode selected, the power
at the particular frequency where the most difference between the two mental tasks is observed.
Electroencephalographic (EEG) electrodes are placed over the brain’s premotor area (PM),
M1, supplementary motor area (SMA) and primary somatosensory cortex (S1). A single-blind study
is carried out, where fourteen healthy subjects are separated into two groups: sham and active tDCS.
Each subject is experimented on for five consecutive days. On all days, the results achieved by the
active tDCS group were over 60% in real-time detection accuracy, with a five-day average of 62.6%.
The sham group eventually reached those levels of accuracy, but it needed three days of training to
do so.

Keywords: transcranial direct current stimulation (tDCS); brain—computer interface (BCI); real-time;
pedaling motor imagery; cerebro-cerebellar pathway

1. Introduction

Transcranial direct current stimulation (tDCS) is a modern technique of non-invasive brain
stimulation which has the purpose of temporally modulating cortical excitability [1,2]. Currently,
its effects are not known with certainty, but they are believed to be dependent on several factors such
as intensity applied [3], time of stimulation [4] and size of the electrodes used [5]. The majority of the
studies focused their research on applying tDCS to the representation of the upper limbs in the brain
to evaluate the performance of the subjects or to improve the quality of life of stroke patients who
have had that area affected [6-8]. Only relatively few studies attempted to investigate how tDCS could
affect the lower limbs [9,10]. This could be due to the challenge of reaching the area of the brain where
the legs are represented, which is located deep in the longitudinal fissure corresponding to the primary
motor cortex (M1).

From a cognitive perspective, brain activity during a lower limb complex motor task, such as gait
or pedaling, involves the supplementary motor area (SMA), M1, the primary somatosensory cortex (S1)
and the premotor area (PM) [11-14]. Moreover, lower limb motor imagery (MI) is also associated with
these areas [15]. Hence, if a person imagines a complex motor task, the person will activate a similar
neural pathway to that activated when the task is actually being performed. In addition, the cerebellum
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is a key part during movement coordination, motor learning and cognition [16]. The underlying
mechanism of the ascending outputs from the cerebellum relies on sending information to M1 through
the dentate nucleus. Some of the axons in this area cross the midline of the brain to terminate in the
ventral lateral complex of the thalamus, and then the motor thalamus sends inputs to the M1 and PM
areas [17].

On the one hand, research findings have found that tDCS over the cerebellum produces cortical
excitability changes in a polarity-specific manner [18]. While cathodal tDCS over the cerebellum
decreases the inhibitory tone the cerebellum exerts over M1, anodal tDCS has the opposite effect [19,20].
From a physiological perspective, the principal neuron found in the cortex of the cerebellum is called
the Purkinje cell. If the anode is located over the cerebellum, these neurons are excited producing
inhibition in the dentate nucleus and resulting in disfacilitation of the motor cortex [21]. On the other
hand, cortical excitability over M1 increases when the anode is located over M1 and the cathode
over the contralateral hemisphere, or over the contralateral supraorbital region [22,23]. Nevertheless,
no research has studied the cerebro-cerebellar pathway where simultaneously the anode is located
over M1 and the cathode over the contralateral cerebellum. Doing this could increase the cortical
excitability over M1 even more.

Brain—computer interfaces (BCls) are devices that translate brain waves into commands to
control an external device, such as exoskeletons. They can do this, for example, by reading
electroencephalographic (EEG) signals from the brain, extracting useful features from those signals,
and then using statistical methods to discern between relevant outputs. This technique can improve
the rehabilitation process of a person that has suffered a cerebrovascular accident (CVA). The most
challenging aspect of using BClIs is to detect neural cognitive processes in real time, so that, as soon
as data are received, they are processed. However, researchers usually analyze data offline, where
data are studied once the experiment has finished [24,25]. This can produce unrealistic results when
compared to a more challenging online analysis, which is more relevant for real-time applications such
as rehabilitation therapies involving exoskeletons.

Motor imagery has been detected using EEG-based BCls in the past, but most studies focused
on upper limbs or simple foot movements [26-29]. Much fewer studies concentrated on lower limb
complex tasks such as gait or pedaling [30]. In most of these studies, BCIs have exploited in some
way the fact that there is a suppression of the mu waves (8-12 Hz) and beta waves (13-30 Hz) around
M1 when a motor task is being imagined [31,32]. The literature involving real-time processing and
feedback of BCI signals associated to these types of movements is scarcer, and the methods of reporting
results are disperse [26,30,33-37]. Nevertheless, there are many relevant applications of detecting
lower limb movement in real time. Indeed, in the long run, it would be desirable to design an online
BCI where patients with CVA are rehabilitated with the aid of a lower limb exoskeleton which they are
able to control in real time. Additionally, if the effects of tDCS prove to be positive (by exciting M1
and facilitating detection), this could help in improving or simply accelerating the recovery of those
patients even more.

Thus, the aim of this work is to strengthen the cortical excitability over M1 and the
cerebro-cerebellar pathway by means of a new tDCS configuration to better detect lower limb motor
imagery in real time using an online BCI that distinguishes between two different cognitive neural
states: relax and pedaling MI. To do that, a single-blind study is carried out where people are randomly
divided into two groups, sham and active tDCS, and experimented for five consecutive days. The sham
group received a fake stimulation and the active tDCS group was given 0.4 mA. Our hypothesis is
that the active tDCS group would achieve better detection accuracy results than the sham group.

2. Materials and Methods
2.1. Subjects

Fourteen healthy subjects between 23 and 38 years old (26.8 & 4.9) took part in this experiment
(most of them were MSc students). There were twelve male participants and two female participants.
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All of them were right-footed. None of the subjects had any previous experience with BCIs or MI;
they reported no neurological diseases; none of them were medicated; and they were not suffering
the consequences of an intoxication during the time the experiments were carried out. Lastly,
all participants gave written informed consent according to the Helsinki declaration. The Ethics
Committee of the Office for Project Evaluations (Oficina Evaluadora de Proyectos: OEP) of the Miguel
Hernandez University of Elche (Spain) approved the study.

2.2. Experimental Protocol

This section explains the experimental protocol. Several studies which treat different problems
such as phantom limb pain, Parkinson’s disease or apraxia of speech after stroke, applied tDCS for five
days and reported positive effects [38—40]. In addition, a study from [41] stated that the lasting effects
of tDCS when it is applied for 15 min were up to 1.5 h. Therefore, taking into account these aspects,
our stimulation protocol was established as five consecutive days (Monday to Friday) for 15 min to
investigate if there was any improvement in developing pedaling MI.

The experiment consisted on recording the EEG signals (more details on Section 2.3) while the
user was performing two mental tasks: relax and imagine. During the imagine task, subjects had
to visualize a pedaling movement inside their heads. To remove the placebo effect, a single-blind
study was designed in which subjects were randomly divided into two groups: sham or active tDCS.
The participants sat in front of a screen which fed them with instructions. Each subject performed
1 session every day which consisted of tDCS supply and MI experiment. First, tDCS (sham or active)
was administrated for 15 min (more details in Section 2.4). Then, each subject performed 10 trials of
the MI experiment. Each trial included each task (relax and imagine) 10 times. The screen provided
three types of instructions: Relax, Imagine and +. Relax and Imagine tasks lasted 5.8 s and the order
appeared at random, but in such a way that no same task appeared more than two times consecutively.
This was done to avoid the user to start an expected task beforehand. The symbol + was always shown
between tasks and lasted 3 s. During Relax and Imagine, the subjects were told to avoid blinking,
swallowing or any other kind of artifacts. They were told to postpone these until the + symbol
appeared. Figure 1 shows the flow diagram of each session’s experimental protocol, while Figure 2
shows the experimental setup.

Healthy
Subjects

[tDCS (15 min): sham or active tDCS]

1 session = 10 Imagine and 10 Relax

A

: 10 trials ]— CEG [ |
recording [Imagine] [Relax] [Re]ax] [Imagine] [Imagine]

[ w

END

Figure 1. Flow diagram of the experiment for healthy subjects. The subjects were instructed by the
screen to perform one of two possible mental tasks: Relax or Imagine. During Relax, subjects had to try
not to think about anything, while, during Imagine, they had to imagine themselves pedaling. The Relax
and Imagine tasks appeared at random and were always separated by an intermediate period (indicated
by the screen with a + symbol). The setup also prevented two tasks of the same type to appear more
than two times consecutively.
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Figure 2. Experimental setup. Subjects sat looking at a screen which fed them with instructions while
their EEG signals were recorded. Furthermore, the screen gave feedback about their performance in
each task. The participant in the picture gave written informed consent to publish the image.

The first 4 trials were used to train a SVM classifier with which an online BCI was designed. This is
explained in Section 2.5. For the remaining trials, the users received real-time positive feedback about
their performance using the output from the BCI. That is, if during the relax task, the BCI detected
that the subject had executed mental relaxation, then a green bar increased in size (otherwise it stayed
the same size); and similarly with the pedaling MI task. The detection accuracy was calculated for
each session, but this information was withheld from the subjects until the end of the last day to avoid
influencing them.

2.3. EEG Acquisition

The StarStim R32 (Neuroelectrics, Barcelona, Spain) was used to acquire signals from the brain.
The device was connected through a USB isolator to the computer. Based on the International 10-10
system, the EEG signals were acquired from 30 channels (P7, P4, CZ, PZ, P3, P8, O1, 02, C2, C4, F4,
FP2, FZ, C3, F3, FP1, C1, OZ, PO4, FC6, FC2, AF4, CP6, CP2, CP1, CP5, FC1, FC5, AF3, and PO3)
with two reference electrodes (CMS and DRL) at a frequency rate of 500 Hz. The system is shown in
Figure 2.

2.4. Supply of tDCS

As mentioned before, the idea was to stimulate the cerebro-cerebellar pathway. To do this, a novel
montage which aimed at strengthening the neural activity in M1 was proposed. It involved placing
the anode over the primary motor cortex in Cz and the cathode over the right cerebro-cerebellum
(two centimeters right and one centimeter down of the inion).

To corroborate that the cerebro-cerebellar pathway was being stimulated with such a choice
of electrode placement, an electric field simulation of the brain was performed first. SimNIBS free
platform [42] was used for the simulation, and Figure 3 shows the electric field generated by the
anode over Cz (M1) and the cathode over the right cerebro-cerebellum. The parameters were set
according to the materials utilized in the experiments. Both electrodes had a radius of 1 cm, 3 mm of
thickness and 4 mm of space for the conductive gel. The tDCS intensity chosen was 0.4 mA, which
produced 0.127 mA/cm? of current density. This current density was higher than in most studies
(roughly 0.06 mA /cm?) and it was selected because a previous study reported that a current density of
0.06 mA /cm? was not sufficient to reach the representation of the legs in the brain [43]. The current
density also lies inside the range of neurological safety that avoids brain damage [44]. In Figure 3 it
can be seen that the most affected area is close to the red nucleus and the thalamus. Both areas belong
to the pathway of the ascending outputs from the cerebellum to M1 and PM [45], and therefore we
expect this configuration to enhance the excitability in the area of interest.
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Figure 3. Axial, coronal and sagital view of the tDCS simulation. The scale represents the electric
field (V/m) induced by the anode located over Cz and cathode over the right cerebro-cerebellum.
The intensity applied was 0.4 mA. The most affected area (red) is close to the red nucleus. The image
was generated with SimNIBS.

For the actual experiment, the StartStim R32 supplied anodal tDCS for 15 min at the beginning of
each session (one session per day for five consecutive days) through two gel electrodes with a surface
area of 7t cm? (1 cm radius). To create a placebo effect, the sham group received a 3 s ramp up until the
intensity chosen, followed by 3 s ramp down; then, no stimulation was provided for almost 15 min
until again there was a 3 s ramp up followed by a ramp down. Meanwhile, the active tDCS group
received a 3 s ramp up until the intensity chosen, followed by constant stimulation throughout 15 min,
and finally a 3 s ramp down.

2.5. Brain—-Computer Interface (BCI)

As mentioned before, EEG signals were obtained as the subjects performed their relax and
pedaling MI tasks. The first two seconds of each task were not considered to avoid influence of
the visual cue and assure the total concentration of the subject in the respective task. Signals were
processed in 1 s epochs with a 200 ms shift. For each epoch, a 4th order Butterworth high-pass filter
with a cut-off frequency of 0.05 Hz was applied to remove the direct current. Then, a Notch filter was
used to eliminate the power line interference at 50 Hz. Afterward, a 4th order Butterworth low-pass
filter with cut-off frequency of 45 Hz was utilized. Subsequently, based on previous work (e.g., [46,47]),
a Laplacian spacial filter was employed as in [48]. This filter eliminates the influence of the other
electrodes by means of weighting by their distance. Of these filtered EEG signals, only those coming
from nine carefully selected electrodes were considered: Cz, CP1, CP2, C1, C2, C3, C4, FC1 and FC2.
These were chosen because the task involved imagination of the lower limbs, so their proximity to the
M1, S1, SMA and PM regions of the brain was a deciding factor.

As mentioned above, the first four trials were used to train a support vector machine (SVM)
classifier. This classifier is based on hyperplane tasks separation by maximizing the margin between
the nearest points of the different tasks [49], with the outcomes obtained using non linear kernels
being generally more robust than those of other classifiers [50]. In this work, a radial basis function
was used as kernel for the SVM. For every given electrode, the power at each frequency between
6 and 30 Hz (resolution of 1 Hz via Burg’s method) was calculated for each epoch. Then, the powers
were separated according to the task (relax or pedaling imagery), normalized and averaged across
all task-related epochs of the first four trials. Then, for each electrode, the frequency for which the
maximum (normalized) power difference between tasks occurred was chosen and designated as the
electrode’s optimal frequency. Lastly, for each epoch, the feature associated to each electrode was the
power at the electrode’s optimal frequency, for a total of nine features per epoch. These features were
then used to train the SVM classifier.
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Therefore, the online BCI designed consisted of filtering the EEG signals of each epoch as described
above, finding the nine features (the powers at each electrode’s optimal frequency), and classifying
the features with the (already trained) SVM. Thus, for each epoch, the BCI predicted whether it
corresponded to a relaxed or pedaling state, and it was able to do this in real time (making a prediction
every 0.2 s). The remaining six trials were utilized to determine the performance of the user in the
day’s session by measuring the real-time detection accuracy of the online BCI. The real-time detection
accuracy was defined as the percentage of total correct classifications divided by the total number
of classifications. As mentioned before, real-time positive feedback was given to the user, so that, if
the BCI detected a relaxed state while the screen requested Relax (a correct classification), a green bar
increased in size (otherwise it did not move), and similarly with the pedaling MI task.

3. Results
3.1. Statistical Analysis

IBM SPSS Statistics 22.0 for Windows (SPSS Inc., Chicago, IL, USA) was used for statistical analysis.
First, we wanted to examine the differences in performance between groups (sham and active tDCS).
Moreover, we wanted to study, within subjects of each group, the evolution of their performance
throughout the five days of the experiment, which we refer to here as plasticity. Therefore, there were
two independent variables: group and days; and only one dependent variable: real-time detection
accuracy. Thus, a mixed factorial ANOVA was applied, but only after a Mauchly’s test of sphericity
was completed to verify the equality of variances of the differences within subjects [51]. In addition,
pairwise comparisons between groups for each day, and within subjects of each group between days
were computed. For every analysis, a p-value less than 0.05 was considered statistically significant.

Table 1 shows the results of applying Mauchly’s test of sphericity. As it can be seen, variances
were significantly different (p < 0.05), so data violated the sphericity assumption. Consequently,
the correction with the biggest power was applied. In this case, it corresponded to Hyunh-Feldt
(€ = 0.987). After applying this correction, a mixed factorial ANOVA was calculated.

Table 1. Mauchly’s test of sphericity. Within subjects effect.

Epsilon

Mauchly’'s W df p-Value Greenhouse-Geisser Hyunh-Feldt Lower-Bound
days 0.09 9 0.003 0.688 0.987 0.25

3.1.1. Effects of tDCS in MI

Table 2 shows the five-day mean real-time detection accuracies for each subject along with
the overall average of the sham and active tDCS groups. In addition, from the mixed factorial
ANOVA we obtained that the effects of tDCS in MI were not significant: F(1,12) = 0.37, p > 0.05,
r = 0.03. Moreover, Table 3 shows the comparisons, with Bonferroni adjustment applied for multiple
comparisons, between both groups for each day. It can be appreciated that for the first day there was
a significant difference (p < 0.05) in the real-time detection accuracies (see also Figure 4).
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Table 2. Mean real-time detection accuracy.

Subject Sham tDCS
1 61.7 66.6
2 66.9 51.8
3 59.6 55.7
4 64.1 55.9
5 51.5 66.9
6 55.2 68.7
7 63.5 724

Mean 604+54 626=£79

Table 3. Pairwise accuracy comparison between tDCS and sham group.

Day 1 2 3 4 5
p-Value 004 029 1.00 074 0.60

Real-time classification accuracy
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Figure 4. Mean real-time accuracy for all subjects of each group at each day.

3.1.2. MI Plasticity

Figure 4 represents the mean real-time accuracy for each group at each day of the experiment.
From the mixed factorial ANOVA, it can be concluded that there was a significant interaction effect
between the days and the group of stimulation: F(3.95,47.35) = 3.56, p < 0.01, r = 0.23. Furthermore,
Table 4 shows, for each group, the p-values comparing day five and the other days. There was only
a significant difference between Day 5 and Day 1 within subjects of the sham group (p < 0.01).

Table 4. Comparison between Day 5 and the rest of the days for each group.

Group Day Day p-Value

1 0.002
1.00
1.00
1.00

1.00
0.78
0.85
1.00

sham 5

tDCS 5

B W N~ s WN
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3.2. Optimal Frequencies

The optimal frequencies associated to the BCI model at each electrode on each day are also very
useful information. They show where the greatest (normalized) changes in power were occurring,
and therefore give a rough idea of the frequency bands that are most important in association with
the lower limb motor imagery that is being studied. To present the results of all subjects together,
a histogram was made showing, for each day and group, the number of optimal frequencies lying in
three important frequency bands: 6-12 Hz (high theta and mu waves), 13-20 Hz (low and mid-range
beta waves) and 21-30 Hz (high beta waves). For each group and day, there were a total of 63 optimal
frequencies since there were nine electrodes selected for each of the seven subjects in each group.
The results are presented in Table 5. The frequency band associated to mu waves seems to be the
most preferred.

Table 5. Optimal frequencies histogram for each day and group.

Group Frequency Range Day1l Day2 Day3 Day4 Day5

(6-12) Hz 27 42 52 36 39
sham (13-20) Hz 14 8 10 18 5
(21-30) Hz 2 13 1 9 19
(6-12) Hz 42 48 53 49 47
tDCS (13-20) Hz 11 10 5 11 6
(21-30) Hz 10 5 5 3 10

3.3. Real-Time Accuracy and ERD of the Best Subjects

As previously mentioned, lower limb motor imagery is thought to be associated to the attenuation
of mu and beta waves in M1 [31,32]. This phenomenon is referred to as event-related desynchronization
(ERD). To see the changes in ERD, the best subjects of each group were selected based on their five-day
real-time detection accuracy (Table 2): Subject 2 of the sham group and Subject 7 of the active tDCS
group. Given the results in the previous section and that those electrodes over M1 are thought to be
mostly involved, the focus was on the mu waves (8-12 Hz) occurring in the Cz, C1, C2, C3 and C4
electrodes. For an electrode E, and for a fixed frequency f, the ERD was defined as

_ (PU) = R(f)
ERDf(f) = (Tf)) % 100, (1)
where P(f) is the average of the power at the frequency f over all pedaling-epochs, and R(f) is the
same but averaged over all relaxing-epochs. Then, the mu band motor cortex ERD for a given day
was simply the average of all ERDg(f) over f = 8,9,10,11,12 and E = Cz,C1,C2,C3,C4. These results,
along with the real-time accuracies of the two best subjects, are shown in Figure 5.

Real-time accuracy Mu band motor cortex ERD
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Figure 5. Real-time accuracy and ERD of the best subjects in each group.
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4. Discussion

It can be seen in Table 2, as well as concluded from the mixed factorial ANOVA test, that in
general there is no significant difference between the active tDCS and sham groups. Indeed, the active
tDCS group achieved 62.6% of real-time detection accuracy and the sham group 60.4%. Nevertheless,
the mixed factorial ANOVA results also indicated that there was a significant interaction effect between
the days and the groups. This is because the sham and tDCS groups differ significantly in the first day,
with the tDCS group having 9.6% better real-time accuracy, and also because within the sham group
there is a significant variation when comparing the first and last day of the experiment.

Thus, the results show that the positive effects in performance due to tDCS are only relevant
in the first few days, possibly only the first day, as the sham group then adapts and achieves the
same performance. This is consistent with a study performed by Fernandez et al. [10] where it was
observed that adaptation reached a lower limit the first day due to the simplicity of the task, leading to
non-significant differences in the days that followed. However, it contradicts a study by Soekadar
et al. [20] on upper limbs which suggested that only after three days did changes due to tDCS started
to be differentiated from sham. This could be due to several reasons, including the different location of
the tDCS electrodes and their surface area, as well as the different nature of the experiment and the
way the data were processed. Longer experiment durations (over five days) could also help to discern
the root cause of these slight differences. Meanwhile, the results agree in part with those of Wei
et al. [8], which only had a one-day experiment showing slight improvement due to tDCS stimulation.
Our results also show such slight improvement in favor of the tDCS group on the first day. Naturally,
our real-time accuracy results differed from the offline accuracies shown in the study by Wei et al. [8],
since they were able to improve on their classifier offline.

From another point of view, the subjects without stimulation showed evidence of brain plasticity,
with an overall improvement of 13% in real-time accuracy from the first to the last day. Hence, their
brains seem to have adapted very quickly to the task, meaning that if the intention is to eventually
develop a therapy that elapses over several days, perhaps it is not necessary to apply tDCS at all.
Having said that, tDCS did show evidence of speeding up improvement in the sense that it seems
to have had an instantaneous effect in activating the desired neural pathway. Therefore, the results
suggest that the active tDCS immediately induces the maximum performance that a subject could
reach and it maintains it each day. Meanwhile, the sham group seems to require two to three days of
training to reach the same level as the active tDCS group (see Figure 4). Nevertheless, it should be
pointed out that these results involved only healthy subjects. When dealing with patients, we expect
to see greater differences between the groups due to the greater potential of improvements in the case
of rehabilitating patients.

These conclusions are also corroborated with results in Section 3.2. Indeed, looking at the
histogram in Section 5 shows that the optimal frequencies lied the most often in the band containing
the mu waves: 6-12 Hz. For the tDCS group on every single day at least 66% of the optimal frequencies
lied in this band, while for the sham group from the second day onwards at least 57% of the optimal
frequencies were in that band. However, on the first day, only 42% of the optimal frequencies of the
sham group where in the preferred frequency band. This seems to indicate that the behavior was
more disperse among the frequency bands, and could be a contributing factor explaining why the
performance of the sham group in the first day was at chance level, while the tDCS group was already
performing better on that day. Namely, it is possible that tDCS favored changes in the mu waves,
whereas it took at least one day of training for the sham group to focus the motor imagery on that
frequency band.

The results from Section 3.3 also confirm the conclusions, albeit at the level of the best subjects in
each group. The best subject in the tDCS group started out with real-time accuracies of nearly 70%
and remained above 70% from the second day onwards. On the other hand, the best subject in the
sham group started at chance level (50%) and from the second day onwards significantly improved
and remained at around 70% accuracy. The mu band motor cortex ERD (8-12 Hz in Cz, C1, C2, C3 and
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C4) was also interesting. First, as expected, there was presence of ERD each day and for both subjects
(negative values because the suppression means that the power while pedaling is lower than when
relaxing). On the first day, the sham subject only showed a very subtle ERD, while the tDCS subject
had a much more pronounced ERD of around —20%. Then, from the second day onwards, there was
an even larger enhancement of the ERD levels of both groups, which remained at an average of about
—30%. This shows some level of adaptation of the subjects to the task after the first day.

To address the seemingly low real-time accuracies of around 60% (chance level is 50%), we looked
thoroughly at the existing literature to make the appropriate comparisons. It should be noted that
the real-time accuracies reported in this study are taking into consideration every single prediction
during the experiment (every single epoch is classified). Unfortunately, the current literature on
real-time BCls is somewhat disperse in the way the results are reported [26,30,33-37], but whenever
it is possible to compare, our results coincide rather well with those of the literature. Our results are
consistent with those of Zich et al. [33] which have a real-time accuracy of 55-65%, [26] with around
65% accuracy (of first 30 sessions), and [30] with around 65% accuracy. Meanwhile, Guger et al. [34]
reported the results of the best time point of the best session of each of their three subjects (98%, 93%
and 87%), but a careful analysis of their data shows the average real-time classification accuracy is
about 80%, 65% and 65% for their three subjects respectively. Prasad et al. [35] averaged the maximum
classification accuracies of each task and report them to be 60-75%. All of these studies involve upper
limb or simple foot movements with the exception of the study by Liu et al. [30], which involved
gait. Therefore, our results actually do not stray far from those found in the literature. Additionally;,
as pointed out by Prasad et al. [35], these results are reasonable given the fact that all the subjects are
novices to BCIs and MI, so their performance is lower than that of experienced users. To improve
on the accuracy levels, it might be necessary to change the nature of the motor imagery, since [26]
reported significantly better results when doing so. Lastly, in other studies, it was simply not possible
to make a fair comparison of the online results [8,36,37].

If the intention is to justify the use of active tDCS over the course of several days or more,
then stronger evidence of its effects is needed. In this sense, it could be sensible to change the
stimulation montage to one that could possibly lead to more marked differences among the groups.
Some possible modifications of the experimental setup would be the number of stimulation anodes
and cathodes and their placement, as well as increasing the intensity used whilst keeping safety in
mind. From a physiological perspective, we first proposed that the excitation of Purkinje cells in
the cerebellum might have the side effect of disfacilitating the motor cortex. However, there is also
evidence that their activation can lead to improved motor learning [52]. In fact, anodal stimulation
over the cerebellum can speed up learning [19,53,54]. Therefore, we propose an alternative for future
use, where two anodes with differing intensities are utilized: one over M1 with relatively high intensity,
and another over the cerebro-cerebellum with lower intensity (to prevent any major inhibitory behavior
over M1 while still leading to improved motor learning). Meanwhile, a single cathode can be placed in
an alternative location (such as FC1 or FC2).

Lastly, it should be said that the online BCI is perfectly apt for use in real-time applications, such as
active therapies involving exoskeletons. In the future, we intend to use active tDCS and the online
BCI to treat patients that have suffered a CVA accident. The idea is to improve their rehabilitation by
engaging them in therapy where they have to control a lower limb exoskeleton in real time.

5. Conclusions

In this work, a new tDCS configuration intended to boost the cerebro-cerebellar pathway to
improve the detection of lower limb MI via the use of a real-time BCI is tested. One anode is located over
M1 and one cathode over the right cerebro-cerebellum. A single-blind experiment with duration of five
days is completed using healthy subjects who are randomly separated into two groups: sham and active
tDCS. The mental tasks they have to perform are: relax and pedaling ML The online BCI designed is
based on finding the power at an optimal frequency at each of nine carefully selected electrodes in the
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proximity of M1, S1, PM and SMA. From the very first day, the real-time detection accuracy achieved
by the active tDCS group is over 60% and remains around 62.6% on average. However, the sham group
needs three days of training to reach that same level of accuracy. This, along with other supporting
evidence, indicates possibly that the tDCS has an immediate effect in activating the desired neural
pathway, and shows the potential advantages in accelerating recovery of patients undergoing therapy.
However, overall, the long-term effects of tDCS seems to have been moderate at best. With this in
mind, the stimulation montage could possibly be further improved to increase the effects of tDCS
and hopefully justify its use. Lastly, the online BCI designed, with or without tDCS, is a desirable
stepping stone in designing therapies that allow recovering patients’ real-time control of lower limb
exoskeletons, which is a future endeavor of interest.
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The following abbreviations are used in this manuscript:

CVA  Cerebrovascular accident

MI Motor imagery

tDCS  Transcranial direct current stimulation
BCI Brain—computer interface

M1 Primary motor cortex

S1 Primary somatosensory cortex
SMA  Supplementary motor area

PM Premotor

EEG  Electroencephalographic

SVM  Support vector machine

ERD  Event-related desynchronization
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ABSTRACT

The aim of this work was to test if a novel transcranial direct current stimulation (tDCS) montage
boosts the accuracy of lower limb motor imagery (MI) detection by using a real-time brain-machine
interface (BMI) based on electroencephalographic (EEG) signals. The tDCS montage designed
was composed of two anodes and one cathode: one anode over the right cerebrocerebellum,
the other over the motor cortex in Cz, and the cathode over FC2 (using the International 10-10
system). The BMI was designed to detect two MI states: relax and gait Ml; and was based on
finding the power at the frequency which attained the maximum power difference between the
two mental states at each selected EEG electrode. Two different single-blind experiments were
conducted, E1 and a pilot test E2. E1 was based on visual cues and feedback and E2 was
based on auditory cues and a lower limb exoskeleton as feedback. Twelve subjects participated
in E1, while four did so in E2. For both experiments, subjects were separated into two equally-
sized groups: sham and active tDCS. The active tDCS group achieved 12.6% and 8.2% higher
detection accuracy than the sham group in E1 and E2 respectively, reaching 65% and 81.6%
mean detection accuracy in each experiment. The limited results suggest that the exoskeleton
(E2) enhanced the detection of the Ml tasks with respect to the visual feedback (E1), increasing
the accuracy obtained in 16.7% and 21.2% for the active tDCS and sham groups respectively.
Thus, the small pilot study E2 indicates that using an exoskeleton in real-time has the potential
of improving the rehabilitation process of cerebrovascular accident (CVA) patients, but larger
studies are needed in order to further confirm this claim.

Keywords: transcranial direct current stimulation (tDCS), real-time, brain-machine interface (BMI), lower limb, exoskeleton, motor

imagery (MI)

1 INTRODUCTION

Transcranial direct current stimulation (tDCS) is a non-invasive brain stimulation technique based on
weak direct electrical current transferred between electrodes (from anode to cathode) over the scalp in
order to modulate the neural membrane resting potential (Lefaucheur et al., 2017; Rodriguez-Ugarte
et al., 2016; Nelson et al., 2014). It modifies cortical excitability in a polarity-specific manner (Coffman
et al., 2014). This means that neural excitability is generated under the area of the anode because the
current flow goes into the brain, whereas in the underlying cortex where the cathode is, inhibition of
neural activity is produced because the current flow goes out from the brain (Wiethoff et al., 2014; Filmer
et al., 2014). Furthermore, the use of this technique implies adjusting four parameters: current density,
stimulation duration, electrode size and electrode position. The vast majority of the studies focus their
tDCS experiments on improving the performance of the upper limbs, the speech, or the balance; where
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the areas stimulated are either the motor cortex, the frontal area or the cerebellum (Hortal et al., 2015;
Monti et al., 2013; Foerster et al., 2017). In these studies, the range of current density used is typically
between 0.04 and 0.06 mA/cm? with a duration of 15 or 20 minutes (Marquez et al., 2013) and electrode
sizes of about 35 cm?. However, there are just few studies that center their goals in meliorating lower
limb performance and therefore, much remains to be investigated. In addition, stimulation with such big
electrode surface areas gives only a vague idea of the areas of the brain that are important in producing the
results.

Brain machine interfaces (BMIs) are a non-invasive technique that records and decodes electroenceph-
alographic (EEG) signals to control an external device (Barrios et al., 2017). Two of the most common
EEG-based BMIs are motor imagery (MI) and motor execution (ME). M1 is defined as a mentally repetitive
action without any overt motor movement (Park et al., 2013). Various functional magnetic resonance
imaging (fMRI) studies have demonstrated that MI and ME activate common neural networks including
the primary motor cortex (M1), supplementary motor area (SMA), premotor area (PM) and cerebellum
(Sharma and Baron, 2013; Zapparoli et al., 2013; Hétu et al., 2013; Allali et al., 2013). Furthermore, MI
is characterized by the decrease of power in the bands 6 high (6-7 Hz), i (8-12 Hz) and S (13-35 Hz)
(Reynolds et al., 2015).

The purpose of this work is to test if a novel tDCS montage boosts the accuracy of lower limb MI
detection using a real-time BMI. The tDCS montage is composed by three small electrodes that focus on
the lower limbs: two anodes and one cathode. One anode is located over the right cerebrocerebellum, the
other one over M1 in Cz, and the cathode over FC2 (using the International 10-10 system). Many studies
have researched the stimulation just over the motor cortex or the cerebellum (Sehm et al., 2013; Clancy
et al., 2014; Boehringer et al., 2013; Ferrucci and Priori, 2014), but never the two areas at the same time,
like in this study. The effects of the stimulation over the cerebellum are still unclear, but recent studies
showed an improvement of the task performed when the anode was over the cerebellum (Bradnam et al.,
2015; Hardwick and Celnik, 2014a). However, the anode over the cerebellum is also believed to cause
neural inhibition over the motor cortex (Grimaldi et al., 2016; Galea et al., 2009). This is why a second
anode was added over Cz. This anode supplied a slightly higher current than the one over the cerebellum to
counteract this effect and to excite neural activity in M1.

Two single-blind studies, E1 and E2, were conducted where subjects were randomly separated into
two groups: sham and active tDCS. The sham group received a fake stimulation while the active tDCS
group was given 0.3 mA over Cz and 0.2 mA over the right cerebrocerebellum. A BMI based on power
difference in 0, ;1 and 3 bands was designed to detect two MI tasks: relax and gait MI. Both experiments
had a duration of five consecutive days (for each subject). The first one, E1, was based on visual cues and
feedback. The second one, E2, was a smaller pilot test which was based on auditory cues, where subjects
wore a lower limb exoskeleton as feedback. It should be noted that the combination of a real-time BMI
with a lower limb exoskeleton and tDCS is quite challenging and has the strong potential of improving (via
tDCS) the quality of many clinical applications that involve the real-time control of these machines. Indeed,
the intention of this second setup is the later use on real-time rehabilitation therapies of cerebrovascular
accident (CVA) patients with lesions on the right leg. The main output to measure the effectiveness of the
experiments was the MI detection accuracy, but given the experiments’ duration, the development of brain
plasticity over the course of the five days was also analyzed. Our hypothesis was that the active tDCS group
would obtain better detection accuracy results than the sham group.
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2 MATERIALS AND METHODS

This work studies a novel tDCS montage with two different experimental setups regarding cues and
feedback. The first one, called in this paper E1, gives visual cues and visual feedback, while the second,
named E2, gives auditory cues with the feedback coming from the movement/non-movement of an
exoskeleton. E2 is a smaller pilot test to check if the feedback of the exoskeleton provides an improvement
of the results, so that it can possibly be used later in the rehabilitation of CVA patients.

2.1 Subjects

Twelve healthy subjects with a mean age of 26.9 £ 5.8 years old (age range 20-39) volunteered to
perform E1 and four volunteers with a mean age of 25.8 & 0.7 years old (age range 22-34) participated in
E2. All of them received information prior to the experiment and gave written informed consent according
to the Helsinki declaration. None of the subjects had a history of neurological and/or psychiatric diseases
or was receiving medication during the experiment that could alter the central nervous system. The Ethics
Committee of the Office for Project Evaluations (Oficina Evaluadora de Proyectos: OEP) of the Miguel
Hernandez University of Elche (Spain) approved the study.

2.2 Experimental Design

The aim of both single-blind experiments was to detect two different cognitive states: relax and gait
ML, using a real-time BMI based on EEG signals. For both experiments, initially subjects were randomly
separated into sham or active tDCS groups of the same size (six participants in each group of E1 and
two participants in each group of E2). For five consecutive days (Monday to Friday), each participant
was subjected to one experimental session, which initiated with a period of stimulation. The sham group
received 15 minutes of fake stimulation, while the active tDCS group received 15 minutes of real stimulation
(more details in Section 2.3).

2.2.1 E1 Experiment

Participants performed one session each day for five consecutive days. One session was composed of
the initial stimulation, followed by 10 MI trials. For each trial, subjects stood in front of a screen that
provided instructions while their EEG signals were being recorded (Figure 1). Three types of instructions
were supplied: Relax, Imagine and + (transition). During Relax periods, subjects had to clear their minds
as much as possible; during Imagine periods, they had to imagine a gait movement. Relax and Imagine
tasks appeared at random, but to avoid mind tiredness or getting bored, two tasks of the same type never
appeared more than twice in a row. The transition periods, or + periods, separated different tasks of Relax
or Imagine. Relax and Imagine lasted between 6 and 7.4 seconds, while the + (transition) periods lasted 3
seconds. Subjects were instructed to avoid blinking, swallowing, performing head movements or any other
kind of artifact during the Relax and Imagine periods, postponing these actions to the + (transition) periods.
Each trial consisted of 10 Relax and 10 Imagine periods. Figure 2 represents the temporal sequence of this
experiment.

2.2.2 E2 Experiment

On the very first day, before any stimulation protocols, subjects were familiarized with the lower limb
exoskeleton. They were mounted in the exoskeleton, and the exoskeleton was activated. Through verbal
cues, the subjects were instructed to imagine gait until they felt comfortable that they were not trying to
execute the motor task, but rather were imagining it. This pre-training phase was intended to remove any
strong noise associated to the subjects trying to solely execute the movement later in the experiment.

Frontiers 3
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Participants performed one session each day for five consecutive days. Throughout each session subjects
stood wearing a lower limb exoskeleton while their EEG signals were recorded, as shown in Figure 3.
One session was composed of the initial stimulation, followed by 80 MI trials. Each trial lasted around
35 seconds and was comprised of: an initial relax period where they had to clear their mind as much as
possible; then, a beep auditory signal which indicated the subject to start the gait (walking) imagination
until they heard a double beep auditory signal; after this, they had to relax again until the experiment
finished. Therefore, there were two Relax periods which lasted 8 seconds each, separated by a longer
Imagine period that lasted 16 seconds. A couple of seconds were needed to establish the connection
between the BMI and the exoskeleton. Figure 4 represents the temporal sequence of this experiment.

In this experiment, the first 40 trials were used to train the BMI and the rest to test it. During the training,
the exoskeleton moved by itself during the gait imagery period in order to provide the subjects with a more
realistic feeling. Then, during the remaining 40 trials, the exoskeleton was turned off during the Relax
periods and was activated according to the subject’s EEG signals (i.e. using the BMI output) during the
Imagine periods. The subjects were supposed to imagine the motor task instead of trying to execute it.
More details on the BMI can be found in Section 2.5.

2.3 Supply of tDCS

As previously mentioned, the idea was to excite simultaneously the right cerebrocerebellum and the
motor cortex because both areas are involved in motor imagery. To do that, one anode was located over the
right cerebrocrebellum (two centimeters right and one centimeter down of the inion) and the other one over
Cz on M1. The cathode was placed over FC2 (right hemisphere). Figure 5 shows a scheme of the position
and placement of the electrodes. The cathode produces neural inhibition, meaning that the left hemisphere
is being favored. This is because, in the future, the idea is to focus on patients that have suffered a CVA
over the left hemisphere, which in turn affects their right lower limb.

The intensity was established to 0.2 mA and 0.3 mA for the cerebrocerebellum and Cz anodes respectively.
These intensities were chosen because anodal tDCS over the right cerebrocerebellum produces inhibition
over the brain motor area (Angulo-Sherman et al., 2017), so to counteract this effect and excite the motor
area, the second anode was placed over Cz with a slightly higher current. Using this configuration resulted
in a cathode current density of 0.16 mA/cm?, which is higher than that used in most studies (about
0.06 mA/cm?). Having said that, this current density is well within the range of neurological safety that
avoids brain damage (Bikson et al., 2016).

In order to corroborate that the areas of interest in the brain (motor area, right cerebrocerebellum,
thalamus, contralateral hemisphere, red nucleus) were involved during the stimulation, an electric field
simulation was carried out first. SimNIBS free platform (Thielscher et al., 2015) was used for the simulation.
The parameters of the electrodes were set according to the materials employed in the experiments. All the
electrodes were 1 cm of radius (surface area of 7 cm?), 3 mm of thickness and with 4 mm of space for the
conductive gel. Figure 6 shows the magnitude of the electric field generated by the two anodes and one
cathode in axial, coronal and sagittal views. The electric field produced was analyzed and it was confirmed
that the sign of the electric field was negative over the cathode (showing directionality). Furthermore, the
most affected area (red) is close to the thalamus and the red nucleus. Both areas belong to the cerebellum
ascending output pathways to M1 and PM (Llinas and Negrello, 2015).

At the beginning of each experimental session, the StarStim R32 (Neuroelectrics, Barcelona, Spain)
supplied direct current stimulation to the subject’s brain. The duration was taken to be 15 minutes (each of
the five days of the experiment), since various studies which treat different diseases obtained satisfactory
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results applying tDCS for that duration during 5 consecutive days (Bolognini et al., 2015; Ferrucci et al.,
2016; Marangolo et al., 2011). Subjects in the active tDCS group were subjected to 15 minutes of such
stimulation, while those in the sham group received a fake stimulation to create a placebo effect. This
consisted of a 3 seconds ramp up followed by a 3 seconds ramp down to zero; then, 15 minutes of zero
current; and lastly, another repetition of 3 seconds ramp up and ramp down.

2.4 EEG Acquisition

The StarStim R32 (Neuroelectrics, Barcelona, Spain) was also used to acquire 30 EEG signals based on
the International 10-10 system (P7, P4, CZ, PZ, P3, P§, O1, 02, C2, C4, F4, FP2, FZ, C3, F3, FP1, Cl1, OZ,
PO4, FCo6, FC2, AF4, CP6, CP2, CP1, CP5, FCI1, FC5, AF3, PO3) with two reference electrodes (CMS
and DRL) at a frequency of 500 Hz. The device was connected to the computer through a USB isolator.

2.5 Brain-machine Interface (BMI)

Custom software in MATLAB (MathWorks Inc., Massachusetts, United States) was utilized for all data
analysis. The first four trials of E1 and the first 40 trials of E2 were used to train a support vector machine
(SVM) classifier with a radial basis function as kernel. This classifier was chosen because it was effective
in previous studies and is one of the most robust classifiers (Rodriguez-Ugarte et al., 2017). The SVM
was in charge of categorizing data and determining if it belonged to relax or gait MI tasks. The remaining
trials, six of E1 and 40 of E2, were utilized to test the BMI by measuring the detection accuracy, which
was defined as the percentage of total correct classifications divided by the total number of classifications
in each run.

Both training and test data in the two experiments were processed in very similar ways. The first two
seconds of each task were discarded to assure the total concentration of the subject in the task and to get
rid of the cue (visual or auditory) artifacts on the EEG. Data was processed in 1 second epochs each 0.2
seconds. For each epoch, the following process was carried out:

e a 4th order Butterworth high-pass filter with a cut-oft frequency of 0.05 Hz was applied to remove the
direct current;

e a Notch filter was used to eliminate the power line interference at 50 Hz;
e a 4th order Butterworth low-pass filter with cut-off frequency of 45 Hz was utilized;

e a Laplacian spacial filter was employed as in (McFarland et al., 1997) to eliminate the influence of the
other electrodes by means of weighting by their distance;

e nine electrodes from the M1, SMA and PM were selected: Cz, CP1, CP2, C1, C2, C3, C4, FC1 and
FC2.

In both experiments, the training data was further analyzed. For each electrode, the power at each integer
frequency from 6 to 35 Hz was calculated. This data was separated into relax and imagine groups for each
frequency, and the frequency that attained the maximum power difference between relax and imagine
was designated as the optimum frequency of that electrode. Finally, the power at the optimum frequency
for each electrode was computed. Therefore, each epoch was associated with nine features (one for each
electrode). Using the features, the SVM classifier was trained.

For the actual testing of the real-time BMI, the nine features of each epoch were computed using the
power at the precomputed optimum frequencies from the training phase. Then the data was classified using
the SVM classifier into relax or gait MI. As visual feedback, in E1 every correct classification resulted in
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the increase in size of a green bar shown in the screen. Meanwhile, in E2 the exoskeleton moved one step
forward whenever three consecutive gait MI classifications were detected.

2.6 Exoskeleton

The lower limb robotic exoskeleton used was the H2 (Technaid, Madrid, Spain) designed by Bortole et al.
(2015). The H2 has six degrees of freedom where hip, knee and ankle of each leg are powered joints. It
was constructed for adults of heights between 1.5 m and 1.95 m and a maximum weight of 100 kg. The H2
has a lithium polymer battery of 22.5 VDC voltage and 12 Ah of capacity. It also has direct current (DC)
motors to activate the joints actuators and sensors: potentiometers, Hall effect sensors, strain gauges and
foot switches to determine the joint angles and human-orthosis interaction torques on the links.

The communication between the BMI and the H2 was through a bluetooth port. The connection was
established in an Intel Core i7 laptop using MATLAB (MathWorks Inc., Massachusetts, United States)
software. Each 0.5 seconds and during gait imagination periods, the BMI sent the user’s output from the
classifier to the exoskeleton.

2.7 Post-processing
2.7.1 Statistical Analysis

For the E1 experiment, data was analyzed via the Statistical Package Social Science (SPSS), version 22.0
(IBM Corporation, Armonk, NY, United States). The dependent variable was the classification accuracy
and the independent variables were the group (sham or active tDCS) and the day of the experiment
(from day 1 to day 5). Therefore, there were two types of studies: the difference between groups and the
evolution of the performance of the subjects (here called plasticity) within groups. Hence, the appropriate
statistical test to make was a mixed factorial ANOVA, but before doing so, the Kolmogorov-Smirnov
(K-S) normality test was computed to check the existence of outliers. Then, for the study within groups,
Mauchly’s sphericity test was carried out to check the equality of the variances (Field, 2013). Lastly, the
mixed factorial ANOVA analysis was completed. Furthermore, Bonferroni adjustments were applied for
multiple pairwise comparisons between groups and within groups. A value of p < 0.05 was considered
statistically significant.

For the E2 pilot experiment, the sample sizes were too small (two users per group) to rigorously justify
the statistical analysis mentioned above. Therefore, the average accuracies were used directly to make the
appropriate and relevant comparisons. Having said that, these results and their implications should come
with a warning that this is only a preliminary study, and the sample sizes are small, so larger samples are
needed to increase the accuracy of predictions.

2.7.2 Analysis of Optimal Frequencies

As mentioned in Section 2.5, based on the training data, an optimal frequency (where the greatest
differences between relax and gait imagery was observed) was assigned to each electrode of each subject
on any given day. These frequencies form a fundamental part of the model used to construct the BMI.
Having said that, analyzing these frequencies independently provides more useful information. Indeed,
after removing any outliers, it is possible to make a histogram of the optimal frequencies associated to
each group on each day (each relevant subject in the group will have 9 optimal frequencies, one for each
electrode, on any given day) that discriminates between three distinct frequency bands: high theta and
mu rhythm (6-12 Hz), low and mid-range beta rhythm (13-20 Hz) and high beta rhythm (21-30Hz). With
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this histogram, one can then determine the preferred frequency bands for each group and their evolution
throughout the experiment.

2.7.3 ERD/ERS Analysis

Event-related desynchronization and synchronization (ERD/ERS) are EEG fluctuations during cognitive
or motor processes. They are highly frequency-band specific and while ERD represents an increase of
excitability, ERS represents the opposite (Pfurtscheller, 2001). For an electrode e, and for a fixed frequency

f,let
G(f) = R(f)
ERD.(f) = (2~ Wy 1
=55 ) (M
where G(f) is the average of the power at the frequency f over all gait-imagery-epochs, and R(f) is

the same but averaged over all relax-imagery-epochs. Low values of (G, resulting in negative values of
ERD., represent ERD, while higher values of G, resulting in positive values of £'RD,, represent ERS.
To obtain an average value of ERD, over a frequency band, simply average over all integer frequencies,
f, of interest (e.g. in the 6-12 Hz band, it would be the average of ERD,.(f) for f = 6,7,8,9,10,11,12).
A frequency-band FRD,. can be calculated for each electrode on each day of the experiment for each
subject. This allows to produce a topographic map of the variable in the scalp, which one can then analyze
to determine patterns of activation across the different areas of the brain.

3 RESULTS
3.1 E1 Experiment

The normality test indicated that there was an outlier within the sham group. This subject was removed
from the data.

3.1.1 Effects of tDCS in Ml

This section studies if there exist any effects of tDCS on the subjects. Results from the mixed factorial
ANOVA showed that subjects were significantly affected by the group they belonged, F'(1,9) = 9.47,
p < 0.05. Figure 7 shows the mean accuracy achieved by each group, with the tDCS and sham groups
getting 65% and 52.4% of detection accuracy respectively.

Moreover, the comparison was broken down on a day by day basis, by making pairwise comparisons.
Table 1 shows the p-values of those comparisons and Figure 8 illustrates the mean accuracy achieved by
each group on each day. The results show that there were significant differences (p < 0.05) between the
sham and tDCS groups from the second day onwards.

3.1.2 Ml plasticity

This section analyzes the interaction effects between the days within groups. The results of Mauchly’s
test of sphericity show that the condition of sphericity was met, x2(9) = 17.52, p > 0.05, so it was not
necessary to apply a correction factor.

The mixed factorial ANOVA showed no significant interaction between the days and the group,
F(4,36) = 0.27, r = 0.1, p > 0.05, meaning that there does not seem to be any major plasticity
development throughout the five days of the experiment.
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3.1.3 Optimal Frequencies and ERD/ERS Results

A histogram showing the percentage of electrode optimal frequencies lying in the relevant frequency
bands (high theta and mu rhythm, low and mid-range beta rhythm, and high beta rhythm) for each group
and day of the E1 experiment is shown in Table 2. Clearly, the preferred frequency band is the high theta
and mu rhythm (6-12 Hz).

Since the high theta and mu rhythm (6-12 Hz) was the preferred frequency band, on each day of the
E1 experiment and for each electrode, e, the variable £ RD, was averaged over all subjects common to a
group (excluding outliers) and over the relevant frequency band (6-12 Hz). The resulting topographic map
for the active tDCS and the sham groups is shown in Figure 11 (top).

3.2 E2 Experiment
3.2.1 Effects of tDCS in Ml

Figure 9 shows the mean accuracy achieved by each group, with the tDCS and sham groups getting
81.6% and 73.4% of detection accuracy respectively. Furthermore, Figure 10 illustrates the mean accuracy
achieved by each group on each day, and there does not seem to be any significant changes in the accuracy
as the days progress for either group (i.e. no plasticity is evident). Having said this, due to the preliminary
nature of the E2 pilot study, these results have limitations as they involve very small sample sizes (two
subjects per group), and larger data sets are necessary to be able to produce more robust results from the
statistical standpoint.

3.2.2 Optimal Frequencies and ERD/ERS Results

As in Section 3.1.3, the associated histogram for E2 is shown in Table 3. The preferred frequency band
was once again the high theta and mu rhythm (6-12 Hz).

Meanwhile, the analogous topographic map for E2 for the preferred frequency band (6-12 Hz) is shown
in Figure 11 (bottom).

4 DISCUSSION

The results of E1 and the preliminary results of the pilot test in E2, seem to support the hypothesis that
this novel tDCS montage improves the real-time classification of lower limb MI tasks. Before discussing
the specific results further, a deeper neurological explanation for why the tDCS montage seems to have
successfully worked is merited. The aim of the setup was to enhance the brain’s learning abilities while
stimulating the motor cortex which is responsible for lower limb movement (and imagination). With this in
mind, an anode was placed over the cerebellum, since this improves the brain’s learning abilities according
to several studies (Mandolesi et al., 2003; Ferrucci et al., 2013; Hardwick and Celnik, 2014b; Shah et al.,
2013). However, placing this anode over the cerebellum also has other consequences. Namely, it produces
the activation of Purkinje cells which inhibit the dentate nucleus and provoke disfacilitation of the motor
cortex (Grimaldi et al., 2014; Lefaucheur et al., 2017; Cengiz and Boran, 2016), which is the opposite of
what is desired regarding the activation of the motor cortex. For this reason, to counteract the effect of the
first anode and excite the neural activity of the motor cortex, a second anode was placed directly in Cz
over the motor cortex, and with a slightly higher current. Indeed, the currents used were 0.2 mA for the
first anode and 0.3 mA for the second anode. The tDCS electrodes were not in direct contact with the skin,
but rather with the hair. This reduced the probability of skin burns (Wang et al., 2015), which were not
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observed during the experiments (participants were encouraged to report any discomfort, but none was
reported in association with the tDCS).

The active tDCS group achieved average detection accuracies of 65% and 81.6% for E1 and E2 respecti-
vely. When compared to the sham group, the active tDCS group obtained 12.6% and 8.2% higher accuracy
performance in E1 and E2 respectively (Figure 7 and Figure 9). In addition, the active tDCS group of E1
was at least 10% better than the sham group at each given day (see Figure 8), while in E2, it was at least
4% better on each day (see Figure 10). Lastly, this data and the p-values from Table 1 indicate that from the
second day onwards, the active tDCS group obtained significantly different and better results than the sham
group in E1.

These conclusions are further supported with the results of analyzing the optimal frequencies and the
ERD/ERS patterns in the brain. Regarding the optimal frequencies, Table 2 and the preliminary results
of Table 3 show the stability of the frequency band trained, which in both cases corresponded to the high
theta and mu rhythms (6-12 Hz). In E1 (Table 2) the preferred frequency band for the active tDCS group
represented at least 78% of the optimal frequencies on any given day, while for the sham group it varied
between 57% and 76%. The results of E2 show an even starker difference, with at least 94% of optimal
frequencies lying in the the preferred frequency band for the active tDCS group, while they ranged between
50% and 66% for the sham group. This seems to indicate that the tDCS favors a specific frequency band to
train the new task.

Moreover, the ERD/ERS analysis shows that overall for both E1 and E2, there seems to be more
desynchronization (ERD) on the mu rhythms of the tDCS group than in the sham group (see Figure 11).
Furthermore, this mu wave desynchronization is occurring mostly in the sensorimotor area, as is reported
widely in the literature when there is either motor execution or motor imagery (Matsumoto et al., 2010;
Pfurtscheller and Da Silva, 1999). This desynchronization seems to be more evident in the preliminary
study E2 than in E1, but in both cases it is observed. Thus, the active tDCS group for both experiments
appears to enhance the modulation of the mu rhythm and the BMI control.

As observed from Figure 8 and Figure 10, for both experiments, the changes in accuracy for each group
as the days progressed seems to have been minimal. Thus, one can say that there was little plasticity
developed in the brain during the five days of the experiment. This is probably due to the simplicity of the
task and the fact that the brain could have quickly adapted to this task early on in the training phase of the
experiment of the first day.

Comparing the differences between E1 and E2 is very interesting but one must be careful in rushing to
any conclusions, as the experimental protocols were different, and more importantly, the results of E2
are only preliminary at the time. Overall, E2 produced better accuracy results than E1: the active tDCS
and sham groups of E2 were 16.7% and 21.2% more accurate than the respective groups of E1. Some
differences in the protocol that could have led to these results, are that the duration of Relax and Imagine
periods between the two experiments was different; and more notably, that the nature of the cues and
feedback was different as well. Indeed, it should be mentioned that all subjects in E1 reported frustration
about the visual feedback (a green bar that increased with each real-time correct detection), saying that
they became anxious when the green bar did not move. Naturally, this could have affected the results.
Meanwhile, in E2 the feedback was much more natural as it involved movement of the body. In fact, no
such frustration was reported by the users in E2.

Comparing the results of E1 and the preliminary results of E2 through the ERD/ERS analysis is also of
interest (see Figure 11). Indeed, the desynchronization is observed to be stronger and more consistent in E2
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than in E1. This seems to be consistent with some results in the literature involving upper limb exoskeletons
(Gomez-Rodriguez et al., 2011), which found the discriminative power of the sensorimotor area to be
higher when using an exoskeleton, thus providing a benefit in terms of the resulting BMI designed.

It should be noted that the pilot test E2 was a challenging experiment as it involved combining tDCS
with a real-time BMI connected to an exoskeleton. Exoskeletons are often simply pre-programmed or
controlled directly through third party interfaces (joysticks, cellphone applications, etc.), but only until
relatively recently have they begun to be controlled via BMIs. Designing a real-time BMI is also not trivial
in itself (it is sometimes preceded by the design of offline BMIs). Thus, the study of real-time BMI control
of exoskeletons is only starting and has many potential clinical applications, especially in the rehabilitation
of patients. Thus, combining this concept with tDCS, which is aimed to improve and accelerate cognitive
ability, enriches and increases those applications even more. Indeed, the intention is to use this setup in the
future to enhance the recovery of CVA patients with an affected lower right limb. Having said that, the
study carried out here was only a preliminary pilot study involving only a few subjects. To confirm the
results, a larger sample of subjects or even patients is necessary, but the limited results obtained for now
look promising.

Some final comments are warranted regarding the real-time functioning of the exoskeleton in E2. To
have a realistic usability of the BMI with the exoskeleton, the analysis of the false detections during relax
periods is important, and reducing it is an essential objective. The rate of such detections is referred to
as the false positive rate, or FPR (which is the complement of the accuracy when restricted to only relax
periods). When averaging both groups in E2, the FPR was 11.7% (equivalently, an accuracy of 88.3%
during relax), with an FPR of 11.3% for the tDCS group and of 12.1% for the sham group. The values
for both groups were very similar, which shows that the overall increase in accuracy resulting from the
stimulation of the tDCS group, was due to an increase in accuracy during the imagination periods (indeed,
the accuracy on those periods was 92.7% for the tDCS group and of 80.4% for the sham group). In any
case, overall, these values of FPR seem reasonable for this preliminary experiment, but reducing them
further should be a future design goal.

5 CONCLUSION

A novel tDCS configuration was successfully designed to improve the detection of two MI tasks (relax
and gait MI) using a real-time BMI. Two anodes and one cathode were used: one anode was located over
the right cerebrocerebellum and supplied 0.2 mA, the other anode was over Cz and supplied 0.3 mA, and
the cathode was located over FC2. Two single-blind experiments, E1 and E2, were carried out, where
subjects were randomly separated into two groups of the same size: sham and active tDCS. The sham group
received a fake stimulation while the active tDCS group was truly stimulated. E1 involved twelve healthy
subjects in total who received visual instructions and real-time feedback through a screen. Meanwhile,
E2 was a pilot study involving only four healthy subjects who received auditory cues and wore a lower
limb exoskeleton as feedback. E2 has potentially many clinical applications in the future. In particular, it
can be used in the rehabilitation of patients that have suffered a cerebrovascular accident (CVA) affecting
their right lower limb. The analysis indicated differences between the active tDCS and sham group in both
experiments. The active tDCS group achieved 12.6% and 8.2% higher detection accuracy than the sham
group in E1 and E2 respectively, reaching 65% and 81.6% mean accuracy in each experiment. Furthermore,
the preliminary results indicate that the exoskeleton (in E2) enhanced the detection of the MI tasks with
respect to the visual feedback (in E1), increasing the accuracy obtained in 16.7% and 21.2% for the active
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tDCS and sham groups respectively. Having said that, more studies with larger samples of actual patients
are needed to validate this observation.
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FIGURE CAPTIONS
5.1 Tables

Table 1. Pairwise comparison of detection accuracy for each day between the tDCS and sham groups (E1).

day | p-value
1 0.06
2 0.04*
3 0.04*
4 0*
5 0.02*
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Feedback and
instructions

Computer =

C— i

Figure 1. E1 experimental setup. Subjects stood in front of a screen that supplied instructions while their
EEG signals were recorded. The instructions given were: Relax, Imagine and + (transition). During Relax,
subjects had to clear their mind as much as possible. During Imagine, they had to visualize they were
walking. Tasks appeared at random but two tasks of the same type never appeared more than twice in a
row. The + (transition) period represented a transition to separate the Relax and Imagine tasks. Written
informed consent was given by the subject to publish the photo.

. | sham
15 minutes tDCS

TR0 Active tDCS

-_Irnagi.ﬁe: + :_tmagim!. + HE';! '+_ Relax
MI: 10 trials —{ | .I
|
1 trial: 10 Imagine and 10 Relax
END|

Figure 2. E1 temporal sequence on each day. Subjects were randomly separated into two groups: sham
or active tDCS. During 15 minutes participants received the corresponding stimulation according to their
group. After that, subjects performed 10 trials of motor imagery (MI) tasks. The tasks were composed of
Relax and Imagine tasks separated by transition periods represented by + displayed on the screen. One trial
consisted of 10 Relax and 10 Imagine tasks.
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Figure 3. E2 experimental setup. Subjects stood wearing an exoskeleton while their EEG signals were
recorded. Once the experiment started, subjects had to relax, clearing their mind as much as possible. Then,
a beep auditory signal indicated to the subject to start gait imagery until they heard a double beep auditory
signal. After this second beep, subjects had to relax again until the experimental trial finished. Written
informed consent was given by the subject to publish the photo.

. : Sham
15 minutes of tDCS|
‘ Active tDCS
Acoustic BAcoustic
sound soumd
: l 3 Relax Imagine Relax
|MI: 80 trials —
| 8s. ' 165, s
|
—_— -
|EHU‘: 1 trial

Figure 4. E2 temporal sequence on each day. Subjects were randomly separated into two groups: sham
or active tDCS. During 15 minutes participants received the corresponding stimulation according to their
group. After that, subjects performed 80 trials of motor imagery (MI) tasks. The trial was composed of two
relax periods separated by one task of gait imagination.
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Figure 5. The tDCS montage. Placement of tDCS electrodes as a scheme (left) and experimentally (right).
The first anode (A1) is over the right cerebrocerebellum (two centimeters right and one centimeter down of
the inion), the second anode (A2) is over Cz, and the cathode is over FC2.

Ascial View Caronal View Sagital View

0.00304 0102 0.2
| |

Figure 6. Axial, coronal and sagittal view of the tDCS simulation using SIimNIBS. The scale represents
the magnitude of the electric field (V/m) induced by the anodes Al and A2. Al was located over the
right cerebrocerebellum and A2 over Cz. The cathode was located over FC2. A1 supplied 0.2 mA and A2
0.3 mA. The most affected area (red) is close to the red nucleus.
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Figure 7. Mean accuracy for each group in the E1 experiment. The error bars indicate a standard deviation
from the mean.
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Figure 8. Mean accuracy for each day and group in E1.
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Figure 9. Mean accuracy for each group in the E2 experiment. The error bars indicate a standard deviation
from the mean.
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Figure 10. Mean accuracy for each day and group in E2.
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E1 ERD/ERS for each day and group
Day 2

BActive tDLS

Day1

E2 ERD/ERS for each day and group

Day 2 Day X

ERD

Figure 11. Topographic maps showing ERS (red) and ERD (blue) for the 6-12 Hz frequency band averaged
over all participants for each day and group of each experiment. The results of E1 are shown in the top and
those of E2 are shown in the bottom.

Table 2. E1 histogram of optimal frequencies for each day and group.

Group Frequency range | Day 1 (%) Day2 (%) Day3(%) Day4 (%) DayS5 (%)
(6-12)Hz 81.5 77.8 81.5 85.2 79.6
active tDCS (13 -20) Hz 11.1 13.0 11.1 7.4 16.7
(21-30) Hz 7.4 9.3 7.4 7.4 3.7
(6-12)Hz 75.6 57.8 68.9 64.4 64.4
sham (13 -20) Hz 4.4 17.8 4.4 28.9 20.0
(21 -30) Hz 20.0 24.4 26.7 6.7 17.8
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Table 3. E2 histogram of optimal frequencies histogram for each day and group.

Group Frequency range | Day 1 (%) Day2 (%) Day3(%) Day4 (%) DayS5 (%)
(6-12) Hz 100.0 100.0 100.0 100.0 94.4
active tDCS (13-20) Hz 0.0 0.0 0.0 0.0 0.0
(21 -30) Hz 0.0 0.0 0.0 0.0 5.6
(6-12) Hz 66.7 66.7 50.0 50.0 50.0
sham (13-20) Hz 0.0 0.0 0.0 0.0 0.0
(21 -30) Hz 33.3 333 50.0 50.0 50.0
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