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Resumen

La aplicacion de métodos y herramientas matematicas ha contribuido con éxito
a los avances en neurociencia desde mediados del siglo XX. En los tltimos afios
diversos progresos tecnologicos han permitido una mayor exploracion del
sistema nervioso, lo que ha provocado un llamativo aumento en el empleo de
las matematicas para investigar los numerosos datos ahora disponibles para los

neurocientificos.

En esta tesis doctoral hemos utilizado diversos métodos matematicos para
estudiar y analizar imdgenes neuronales y sefiales fisiologicas obtenidas en
experimentos con el objetivo de conocer cdmo se procesa la informacion visual

en la retina y analizar con que cddigos se transmite al cerebro.

Inicialmente abordamos el estudio de varios aspectos morfoldgicos de las
células de la retina para conocer con mas precision ciertas particularidades de
los circuitos retinianos. En este sentido hemos estudiado la posible
caracterizacion de las neuronas como multifractales (Ferndndez et al., 1999) y
hemos desarrollado un nuevo método -la V-proporcion, basada en el diagrama
de Voronoi- que permite estudiar las relaciones espaciales entre los mosaicos

neuronales de la retina (Ahnelt ef al., 2000; Martinez et al., 2010).

Paralelamente hemos analizado registros simultdneos de respuestas de
poblaciones de células ganglionares de la retina, que son las encargadas de
codificar la informacién visual y enviarla al cerebro. Usando Redes Neuronales

Artificiales (Ferrandez et al., 1999) y Teoria de la Informacion (Ferrandez et al.,
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2002) hemos encontrado que los pardmetros mas relevantes en la codificacion
son el nimero de potenciales de accion y el tiempo exacto en que se produce el
primero de ellos tras el estimulo. Ademads, la informacion se transmite

utilizando un cdédigo poblacional y redundante.

Para reducir los datos poblacionales sin perder informacion relevante hemos
desarrollado un método que permite detectar grupos de neuronas con
respuestas semejantes (Bonomini et al., 2005a). Posteriormente lo hemos
incorporado a un programa libre de codigo abierto que facilita el analisis de los

datos registrados con multielectrodos (Bonomini et al., 2005b).

Por ultimo, hemos disefiado un proceso para decodificar la informacion visual
que procesa la retina evaluando cuantitativamente la reconstruccion

conseguida del estimulo (Diaz-Tahoces et al., 2015).

Vi



Abstract

The application of mathematical methods and tools has successfully
contributed to advances in neuroscience since the last mid century. In recent
years, a diversity of technological developments has allowed a greater
exploration of the nervous system, causing a striking increase in the use of
mathematics to investigate the large number of data now available to

neuroscientists.

In the present doctoral thesis our objective is to determine how visual
information is processed in the retina and how this is coded and transmitted
to the brain. This has been achieved using several mathematical methods to

study and analyze neuronal images as well as physiological signals.

Initially, we addressed the study of several morphological aspects of retinal
cells to better understand certain particularities of the retinal circuits. In this
sense we have studied the possible characterization of neurons as
multifractals (Ferndndez et al., 1999) and have developed a new method - the
V-proportion, based on the Voronoi diagram, this permits to study the
spatial relationships between neural mosaics of the retina (Ahnelt et al., 2000;

Martinez et al., 2010).

Furthermore, we have analyzed simultaneous responses of populations of
retinal ganglion cells, which are responsible for encoding the visual
information and sending it to the brain. Using Artificial Neural Networks

(Ferrandez et al., 1999) and Information Theory (Ferrandez et al., 2002) we
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found that the most relevant parameters in the coding process are the
number of action potentials and the exact time in which the first of them
occurs after the stimulus. This information is transmitted using a redundant

population code.

In order to reduce population data without losing relevant information, we
have developed a method to detect groups of neurons with similar responses
(Bonomini et al., 2005a). We then incorporated this into an open source free
program that facilitates the analysis of data recorded with multielectrodes

(Bonomini et al., 2005b).

Finally, we have designed a process to decode the visual information from
the retina by quantitatively evaluating the stimulus reconstruction achieved

(Diaz-Tahoces et al., 2015).
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Organizacion general de la tesis

El principal objetivo de esta tesis doctoral es conocer cdmo se procesa la
informacion visual dentro de la retina y desarrollar herramientas

matematicas para facilitar este analisis.

De acuerdo con la normativa interna de la Universidad Miguel Hernandez
para la presentacion de tesis doctorales con un conjunto de publicaciones,

esta memoria de tesis se ha estructurado en cuatro partes.

1. Introduccién.

Tras presentar unas breves ideas sobre la utilizacién de las Matematicas en
Neurociencias exponemos como surgieron las investigaciones realizadas.
Después se explican los conceptos e ideas principales relacionados con los
problemas estudiados y como se han abordado: la clasificacion de los tipos
de células retinianas, las interacciones entre los mosaicos celulares, la
codificacion de la informacion que se realiza en la retina antes de transmitirla
a los centros visuales superiores, la deteccion de grupos de neuronas que
responden en sincronia y la posible decodificacion de las respuestas

neuronales registradas en presencia de estimulos.

2. Publicaciones.

Incluimos una copia de los ocho trabajos publicados que conforman esta
memoria de tesis, los tres primeros relacionados con los diferentes aspectos
morfoldgicos antes mencionados y los restantes con la codificacion y

decodificacion.



ORGANIZACION DE LA TESIS

3. Discusién y aportaciones.

Presentamos nuestras principales aportaciones y realizamos una revision
critica de las mismas, resumiendo lo que a este respecto aparece en las

publicaciones.

4. Conclusiones v lineas futuras.

Hacemos un extracto de las conclusiones presentes en las publicaciones
enumerando las mads relevantes. Tras ello se proponen una serie de lineas de

investigacion futura derivadas de nuestro trabajo.

Como ultimo capitulo, en Referencias, se incluye una recopilacion de la

bibliografia consultada.
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1. Introduccion

“Las neuronas no han evolucionado
a comodidad de los matematicos.”
Francis Crick

1.1 Introduccion

Uno de los grandes retos actuales de la neurociencia es comprender cémo
funciona el cerebro. Aunque el interés por este tema viene desde varios
siglos atras, (figura 1.1), los primeros resultados significativos no se
produjeron hasta el XIX y fue solo a partir del ultimo cuarto del siglo
pasado cuando los avances tecnolégicos -la microscopia electronica, la
resonancia magnética, etc.- permitieron un gran desarrollo de los estudios

cientificos en este campo.

Figura 1.1: Diagrama del sistema
visual, Ibn Al Haytham (965-1039)
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INTRODUCCION

Los anos 90 supusieron un gran impulso al ser declarados “la década del
cerebro” y mas recientemente se estdn realizando grandes inversiones de
recursos, tanto en EE.UU. (BRAIN initiative) como en Europa (Human Brain
Project), para propiciar las investigaciones que permitan conseguir un mayor
conocimiento de la estructura y el funcionamiento del cerebro y, como
consecuencia, mejoras sustanciales en el diagndstico y tratamiento de

muchas enfermedades relacionadas con él.

El papel de la vision en las tareas que realiza el cerebro es de gran
importancia y el estudio de cdmo se produce la percepcion visual se
considera una de las estrategias mas relevantes para entender cémo surge la
consciencia (Crick, 2000; Koch, 2005). Pero lo que hace el cerebro para
interpretar imagenes muy complejas en décimas de segundo no es una tarea
sencilla: ademds de la mera adquisicion de las imagenes hay que extraer
informacion de ellas en tiempo real (por ejemplo, color, bordes, texturas,...),
hay que adaptarse al movimiento, a los cambios de luminancia, etc.
Contribuir a comprender coémo se realiza todo esto fue uno de los objetivos
que nos planteamos al comenzar nuestras investigaciones dirigidas por el
Dr. Eduardo Ferndndez en el Instituto de Bioingenieria de la Universidad

Miguel Herndndez.

Sus estudios, y por lo tanto los nuestros, se centran en la parte inicial de la
via visual, la retina. Es la parte mas accesible del sistema nervioso central,
aquella en la que mas facil resulta efectuar registros de la actividad
neuronal. Estudiando el modo en el que la retina organiza y procesa la
informacion respondiendo a estimulos visuales variables podemos obtener

muchas ideas sobre como el cerebro capta y analiza las imagenes.

12



INTRODUCCION

En esta busqueda por conocer como se codifica la informacién en la retina,
el uso de métodos matematicos se hace imprescindible. Por un lado, para
clasificar, ordenar y sistematizar los resultados obtenidos en los
experimentos; y por otro, para asegurarnos de que nuestras teorias son
consistentes. Asi, diversos conceptos, principios y métodos propios de
campos matematicos tan diversos como el andlisis de datos, las ecuaciones
diferenciales, los procesos estocasticos, la teoria de la informacién, el
procesamiento de senales, etc. se han venido usando en las ultimas décadas

en el estudio de la actividad neuronal en la retina.

Matematicas y neurociencia.

Las aproximaciones matemadticas para estudiar el sistema nervioso
comenzaron a mediados del siglo XX, especialmente tras el trabajo pionero
de Hodgkin y Huxley (1952). Desarrollaron un modelo matematico de la
corriente eléctrica que circula a través de la membrana de una neurona a
partir de una serie de experimentos con el axdn gigante del calamar. Su
formulacion matemadtica permitia adaptar los pardmetros segun los
resultados de los experimentos y conseguia predecir la forma y velocidad
del potencial de accién que transmite la sefal. El éxito del modelo de
Hodgkin-Huxley propicié que los neurocientificos valoraran positivamente
el uso de herramientas matematicas en la exploracion del sistema nervioso y

desde entonces son numerosos los trabajos en los que se han utilizado.

Asi el intento de responder al qué, el cémo y el porqué del modo en el que se
transmiten las sefiales en el sistema nervioso ha dado lugar a tres tipos de

modelos matematicos: descriptivo, mecanicista e interpretativo (Dayan y
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INTRODUCCION

Abbott, 2001). El objetivo de los modelos descriptivos -o estadisticos- es
resumir los datos experimentales de forma compacta, pero con precision,
caracterizando lo que hacen las neuronas y los circuitos neuronales. A pesar
de que estos modelos pueden estar motivados por el conocimiento del
circuito neuronal subyacente, su objetivo es dar cuenta de un fenomeno
matematicamente, no pretenden explicarlo. En los modelos mecanicistas se
explica la actividad del sistema nervioso sobre la base de la morfologia
neuronal, la fisiologia y la circuiteria. Se sigue el tradicional enfoque de la
fisica aplicada a la modelizacion de sistemas naturales. Por ultimo, los
modelos interpretativos utilizan principios computacionales y de teoria de
la informacién para explorar varios aspectos de las funciones del sistema
nervioso, intentando en definitiva entender por qué el sistema nervioso

funciona como lo hace.

En los métodos matematicos mostrados en los articulos que conforman esta
memoria de tesis la aproximacion es menos definida, pero al mismo tiempo
mas ambiciosa ya que se pueden encontrar caracteristicas de los tres tipos
de modelos, sin habernos limitado especificamente a ninguno de ellos.
Como hemos dicho, han surgido como fruto de la colaboraciéon con el
laboratorio del Dr. E. Ferndndez y, por lo tanto, con un enfoque
interdisciplinar variable en el que la intencion ha estado mas dirigida a dar
respuesta a las preguntas y necesidades que surgian en los trabajos que en él
se realizaban que al intento de desarrollar un dnico modelo tedrico

encuadrable en uno de dichos tipos.

Debido a esta intencidon una de las principales caracteristicas de nuestra

aproximacion desde las matematicas al estudio de la retina ha sido trabajar
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INTRODUCCION

directamente con los datos obtenidos en los experimentos. Las herramientas
matematicas usadas han buscado el andlisis de los datos experimentales y
los métodos que hemos desarrollado han surgido principalmente del deseo
de estudiarlos y el intento de explicarlos, buscando por tanto su utilidad

para ello y, ademas, se han validado especialmente a partir de dichos datos.

Neuroprotesis visuales corticales.

Uno de los principales retos del laboratorio a lo largo de estos afios ha sido
el desarrollo de una neuroprodtesis visual, basada en microelectrodos
intracorticales, que pueda ayudar a personas ciegas o con baja visidon

residual a percibir el entorno que les rodea y orientarse en él.

Una neuroprotesis visual es basicamente un dispositivo capaz de crear o
inducir percepciones visuales mediante la estimulacion de cualquier parte

de la via visual, desde la retina al cerebro.

Actualmente ya existen algunos dispositivos disefiados para implantarse en
la retina: ARGUS I1°®, IRIS® o Retina Implant AG®. Pero al situarlos ahi solo
pueden llegar a ser tutiles para alteraciones que afecten exclusivamente a las
capas mas externas de la retina (Figura 1.2A). Estas patologias representan
menos de un 2,5% de todos los casos de ceguera, por lo tanto existen
muchas personas que ya tienen degeneraciones muy avanzadas de la retina
0 que son ciegas a consecuencia de otras patologias -como por ejemplo la
retinopatia diabética, el glaucoma o la lesion de los nervios dpticos- para las
que no existen tratamientos médicos o dispositivos de ayuda validos. Por

ello la alternativa elegida en nuestro laboratorio es estimular directamente

15



INTRODUCCION

la parte del cerebro que procesa la informacion visual, es decir la corteza

visual (Figura 1.2D).

A

ey

S Neuroprétesis cortical
Neuroprétesis Nervio Optico

Figura 1.2. Esquema de los principales tipos de neuroprétesis visuales que se estan
desarrollando en la actualidad. En general el campo visual situado enfrente del sujeto
es codificado por un pequeno dispositivo electrénico bioinspirado que se sittia a nivel
de unas gafas, mas o menos convencionales. Las sefiales procedentes de este dispositivo
son procesadas externamente y transformadas en impulsos eléctricos optimizados para
estimular las neuronas de la retina (A), el nervio dptico (B), el cuerpo geniculado lateral
(C) o la corteza visual primaria (D) mediante matrices de microelectrodos.

Uno de los problemas que se nos presentan no es tanto ser capaces de
transmitir una imagen con una alta resolucion como transmitir al sitio
estimulado informacién que resulte util (para tareas tales como orientacién
y movilidad, lectura, etc.). Para ello es fundamental comprender como se
codifica la informacién visual en la retina y como se transmite esta
informacion a la corteza visual, por lo que esta es una de las principales
lineas de investigacion del laboratorio y la que hemos abordado a lo largo

de esta tesis doctoral.
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INTRODUCCION

Esta opcion de nuestro grupo se basa en el hallazgo de que la estimulacion
eléctrica de la corteza occipital desencadena la percepcion subjetiva de
destellos de luz denominados técnicamente fosfenos. El primer trabajo sobre
la aparicion de fosfenos tras la estimulacion eléctrica del cdrtex visual se
debe a Lowénstein y Borchart en 1918, pero fueron los estudios del
neurocirujano canadiense Wilder Penfield (Penfield y Rasmussen, 1950;
Penfield y Jaspers, 1974), los que confirmaron estos hallazgos. Mas tarde
Brindley y Lewin (1968), (Brindley, Donaldson et al. 1972; Brindley, 1982) en
la Universidad de Cambridge y el grupo del Dr. Dobelle (Dobelle y
Mladejovsky, 1974; Dobelle, Mladejovsky et al. 1974, 1976) en la Universidad
de Utah hicieron prolongadas observaciones sobre los fosfenos y los
estimulos eléctricos que los desencadenaban, sentando las bases de una
neuroproétesis visual a nivel cortical. Hay que destacar los trabajos del
ultimo grupo en los que sujetos que habian permanecido ciegos durante
mucho tiempo, fueron capaces de leer caracteres Braille utilizando un
sistema de electrodos mads rapido incluso de lo que lo hacian a través del
tacto. Sin embargo los resultados de sus estudios pusieron de manifiesto
que una neuroprdtesis basada en la estimulacion cortical mediante
electrodos superficiales como los que ellos utilizaron (Dobelle, 2000), puede
tener una utilidad limitada. Esto es debido fundamentalmente a varios
factores: la gran cantidad de corriente necesaria para producir los fosfenos,
interacciones entre electrodos adyacentes, la produccién ocasional de
episodios dolorosos -debidos probablemente a irritacion meningea- y la

posibilidad de desencadenar crisis epilépticas.

Una aproximacioén mas eficaz, que permite la activacion de neuronas con un

mayor grado de especificidad espacial v menores niveles de corriente, es la
y y
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utilizacién de electrodos intracorticales (Normann, Maynard, et al., 1999;
Rousche y Normann, 1999; Maynard, 2001). Se utilizaron por Schmidt, Bak
et al. (1996) que implantaron 38 microelectrodos intracorticales en el cortex
visual derecho de una mujer de 42 anos, ciega desde hacia 22. De esos
electrodos 34 fueron capaces de producir fosfenos durante un periodo de 4
meses con niveles de corriente inferiores a 25 pA. Desafortunadamente los
electrodos no fueron disefiados para su uso crénico por lo que algunas de

sus conexiones se rompieron en los primeros dias del experimento.

En cualquier caso, todas estas investigaciones sugieren que un sistema de
electrodos multiples, insertado en los lugares apropiados del sistema visual,
es capaz de inducir la percepcidon subjetiva de fosfenos, y podria ser
utilizado para proporcionar una vision limitada pero util a un gran namero
de personas ciegas (Fernandez, Pelayo, et al. 2005; Fernandez, 2008;

Normann, Greger, et al. 2009).

Microelectrodos
intracorticales

Transmision

Retina inalambrica

artificial

Figura 1.3: Esquema del funcionamiento de la
neuroprotesis cortical propuesta, basada en
multiples microelectrodos intracorticales.
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Un esquema del sistema completo en el que esta trabajando nuestro grupo
se presenta en la Figura 1.3. El campo visual situado enfrente del sujeto sera
codificado por una retina artificial bioinspirada, capaz de captar y procesar
la informacion visual de una forma similar a como lo hace la retina humana.
Las sefales procedentes de este dispositivo seran procesadas externamente
y transformadas en trenes de impulsos eléctricos optimizados para

estimular las neuronas de la corteza visual.

El sistema se basa en que esta retina artificial bioinspirada, situada en unas
gafas convencionales, capte el campo visual situado enfrente del sujeto,
codifique y procese la imagen capturada. Las sehales procedentes de ese
dispositivo se transforman en trenes de impulsos eléctricos con los que
estimular las neuronas de la corteza visual a través de microelectrodos

intracorticales.

Como ya hemos comentado previamente, para que sea eficaz no se necesita
transmitir una imagen con alta definicion; hay que transmitir la informacion
que sea util para la zona del cerebro que se va a estimular. Pero es necesario
saber cual es dicha informacion, por eso es imprescindible un mayor
conocimiento sobre como se codifica la vision en la retina y como se
transmite hacia los centros visuales superiores. Simular las sefiales eléctricas
generadas por el procesamiento visual bioldgico es mucho mas dificil en las
protesis corticales que en las subretinianas porque en éstas solo se

reemplazan los fotorreceptores y no todas las células y circuitos de la retina.

Este planteamiento representa la base de la presente tesis doctoral, es decir,
conocer y entender mejor la arquitectura funcional de la retina de los

vertebrados. Necesitdbamos saber mas sobre los diversos tipos celulares, sus
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INTRODUCCION

relaciones topolodgicas, sus conexiones y sus caracteristicas funcionales;
entender cémo los circuitos en el interior de la retina gestionan la
informacion sobre el color y la luminosidad de los objetos visuales,

especialmente durante la vision activa.

Otro de nuestros objetivos ha sido contribuir al desarrollo de un modelo de
la actividad de las células ganglionares -la salida que la retina transmite al
cerebro- capaz de ser reproducido de una manera eficaz y fiable y de
funcionar en tiempo real. Esto ultimo implica intentar minimizar el nimero
de canales necesarios para transferir la informacién. Para ello es importante
poder caracterizar subpoblaciones de células ganglionares semejantes
respecto a sus caracteristicas funcionales. Conseguirlo supone obtener un
tamafio mas reducido de la poblacién neuronal que se quiere simular, pero
de un modo que maximice la informacion de los aspectos mas relevantes del

estimulo visual.

En una fase posterior nos hemos planteado qué simulaciones son mas
realistas y permiten una transferencia adecuada de la imagen natural. Para
ello, es necesario tener un criterio para cuantificar qué valores de los
parametros usados en las funciones de la simulacién proporcionan las

mejores aproximaciones.

Clasificacion morfologica. Tipos celulares.

Las técnicas de preparacion de retinas aplanadas o enteras significaron un
avance en el estudio de las células de la retina al permitir un estudio

detallado de los arboles dendriticos que anteriormente tenian que ser
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seccionados en experimentos cldsicos como los de finales del siglo XIX de D.

Santiago Ramon y Cajal o los recogidos en la famosa obra de Polyak (1941).

Posteriormente la introduccion de la microscopia electrénica o de técnicas
de inmunocitoquimica ha facilitado un mejor conocimiento de la morfologia
de las neuronas retinianas. La Figura 1.4 muestra un ejemplo de una misma

célula amacrina de la retina humana vista en diferentes planos de foco.

Figura 1.4. Célula amacrina AlI de la retina humana.

A: Seccidén transversal de 25 pm de espesor para localizar
la célula de interés. Barra de escala = 25 pm.

B-D: Microfotografias tomadas en diferentes planos de
foco. Barra de escala = 10 um.

E: Detalle de la célula. Barra de escala = 10 um.
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Asi se han podido encontrar un mayor niimero de clases celulares distintas
y describir de un modo mas detallado y correcto los caminos visuales que
parten de la retina. En general es necesario establecer una correcta
clasificacion basada en la forma porque resulta de gran utilidad como ayuda

para dilucidar las posibles diferencias funcionales entre tipos celulares.

Por ejemplo, en el caso de las células ganglionares, tras la exitosa
clasificacion inicial en los tipos morfoldgicos alfa, beta, gamma y delta
(Boycott y Wassle, 1974) se fueron proponiendo nuevos subtipos -con esta
idea de relacionarlos con sus caracteristicas funcionales- hasta llegar a la
propuesta de 20 tipos recogida en Kolb et al. (1981). Esta tltima clasificacion
se basa en el tamafio del cuerpo celular y en la forma del drbol dendritico,
pero en ocasiones la caracterizacion de estas clases presenta dificultades,
especialmente en las células con una menor presencia en la retina. Para
distinguirlas correctamente y estudiar su relevancia es importante poder dar
un valor de las irregularidades en distintas partes de la célula. Buscando

parametros que ayuden en esta tarea hemos recurrido a la geometria fractal.

La geometria fractal es wuna herramienta que permite describir
matematicamente, y de manera sencilla, objetos considerados
extremadamente complejos o desordenados. Basicamente los objetos
fractales son aquellos que retinen algunas de las siguientes caracteristicas
(Falconer, 2003): tienen una estructura fina, que presenta peculiaridades en
escalas arbitrariamente pequefas; son irregulares; presentan algun tipo de
autosemejanza; su dimension fractal, calculada a partir de cualquiera de las

diversas definiciones propuestas en la literatura, es mayor que su dimension
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topolodgica; en muchos casos los objetos fractales se obtienen a partir de un

proceso recursivo que se define de un modo sencillo.

Figura 1.5: Ejemplos de diferentes células ganglionares de gato con
sus respectivas dimensiones fractales como medida de
irregularidad.

Los diferentes valores obtenidos segun el tipo de célula -gamma,
alfa y beta, de izquierda a derecha- sugieren la utilidad de las
dimensiones fractales para distinguir tipos celulares. (Tomado de
Jelinek y Fernandez, 2001)

Algunas de estas caracteristicas aparecen, en cierta medida, en la mayoria
de las neuronas, debido principalmente a la presencia de las ramificaciones
dendriticas. Esto es lo que induce al uso de la geometria fractal para analizar

su forma, intentando discriminar e identificar tipos y clases celulares.

Los mosaicos celulares de la retina

En la retina las neuronas estan distribuidas en capas siguiendo ciertos
patrones regulares, formando varios circuitos locales que trabajan en
paralelo para procesar la informacion de los distintos aspectos

(luminosidad, contraste, color, movimiento,...) de la imagen que se analiza.
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Durante el proceso de desarrollo y crecimiento de los mamiferos las
neuronas tienden a situarse en las distintas capas de la retina siguiendo
ciertos patrones regulares que evitan normalmente un excesivo
solapamiento de sus campos dendriticos y que estan relacionados con la
funcion que realizan. Como consecuencia, las neuronas parecen teselar la
superficie retiniana y por ello se habla de mosaicos neuronales al estudiar su

disposicion en ella.

Figura 1.6. Mosaico de conos azules (puntos azules)
y células horizontales (puntos rojos) en retina
humana.

El estudio de estos mosaicos es de gran ayuda para conocer como realiza la
retina la labor de procesamiento y transmision de la informacion. Esto se
produce con diferentes niveles de resolucién espacial y ademads hay

neuronas funcionales de determinadas clases que aparecen repetidas en
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diferentes lugares de la retina. Las que se encargan de informar de los
detalles mas finos de la imagen suelen ser mds pequenas de tamafio y estan
situadas muy cerca unas de otras. Por el contrario, las encargadas de
informar de movimiento o cambios de luminosidad suelen ser de tamafo
mas grande y estan mas alejadas entre si (Cook, 2003). De ahi la importancia
de disponer de distintos métodos cuantitativos que permitan evaluar las
caracteristicas (regularidad, densidad,...) de los distintos mosaicos
neuronales, asi como de las posibles interacciones entre ellos que, si existen,
nos pueden indicar cuales son las vias de comunicacion entre los
mencionados circuitos. La figura 1.6 presenta un ejemplo de dichos

mosaicos.

Los primeros estudios en los que se describen cuantitativamente los
mosaicos retinianos usan una aproximacion basada en una medida conocida
en estadistica espacial: la distancia al vecino mas préximo, normalmente
acompafnada por el calculo del indice de regularidad (Wassle y Riemann,
1978; Wassle et al., 1983). Con esto los neurocientificos ya disponian de una
herramienta para evaluar la distribucion espacial y la regularidad de un

determinado mosaico.

Posteriormente se utilizd el correlograma espacial, especialmente en un
método que se hizo muy popular llamado DRP (density recovery profile), que
permite también analizar las posibles relaciones entre los mosaicos

(Rodieck, 1991).

Mas recientemente se han comenzado a usar métodos basados en el
diagrama de Voronoi porque permiten evaluar mds caracteristicas de la

geometria de los mosaicos, como por ejemplo la distribucién del nimero de
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vecinas alrededor de cada neurona (ver Figura 1.7). Ademas, técnicamente
es dificil dibujar exactamente los mosaicos retinianos y delimitar qué tesela
corresponde a cada neurona individual, debido a la profusa e irregular

ramificacion del arbol dendritico.

Figura 1.7. Diagrama de Voronoi mostrando conos rojos
(puntos rojos) y células horizontales (puntos negros) en
retina humana. En verde las bandas construidas para

aplicar el método de la V-proporcién desarrollado en
Martinez, Bolea et al. (2010).

Los poligonos del diagrama de Voronoi proporcionan un ajuste mas
adecuado del campo dendritico de cada neurona por lo que su uso mejora
los anteriores métodos en los que tan sélo se considera la localizacion del
soma. Por ello, utilizar esta estructura fue la opcion elegida por nosotros

como punto de partida para abordar el problema.
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Codificacion de la informacion

(Qué codigo utilizan las neuronas para transmitir la informacion?
Actualmente no hay un acuerdo total entre la comunidad cientifica sobre la
respuesta a esta pregunta. Unos piensan que la clave es la frecuencia de
descarga, lo mas facilmente reproducible al observar la respuesta de una
neurona ante un estimulo dado. La neurona integra temporalmente eventos
sindpticos aleatorios y produce una descarga eléctrica cuando el contador
alcanza un cierto valor. Bajo este enfoque la descarga de las neuronas puede
ser descrita como un modelo de Poisson, el mas sencillo de los procesos
estocasticos puntuales, en el que el nimero de eventos, en nuestro caso el
disparo de potenciales de accién, en un intervalo de tiempo dado es una
variable aleatoria y los numeros de eventos en dos intervalos disjuntos son

independientes.

Otros neurocientificos, contemplan por contra que lo relevante es la
temporalidad relativa de los potenciales de accion ya que, entre otras
razones, puede ocurrir que distribuciones completamente distintas de
potenciales de accion tengan una misma frecuencia de disparo. Con esta
premisa se considera que las neuronas funcionan mas como detectoras de
coincidencias o correlaciones que como integradoras. Para percibir
correctamente los objetos del mundo real el sistema nervioso debe ser capaz
de poner en relacion distintas caracteristicas de un mismo objeto sin
mezclarlas con las de otro distinto. Si se describe la actividad neuronal
unicamente por la frecuencia de descarga no es posible distinguir entre dos
conjuntos de neuronas que codifican las caracteristicas de dos objetos

distintos y un gran conjunto neuronal que codifica el conjunto de todas esa
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caracteristicas; es decir, no se permite la representacién de informacién

estructurada.

Pero también subsiste otra importante polémica entre los investigadores: ;la
codificacién neuronal que se realiza en la retina se basa en un cddigo de
células aisladas o mas bien en un coédigo poblacional? Este tultimo enfoque
surgio y se ha visto favorecido por la introduccidon de tecnologia de registro
poblacional utilizando multiples multielectrodos, que permite analizar la

codificacion distribuida del conjunto de células registradas.

En un articulo muy influyente Nirenberg et al. (2001) sugirieron que las
células ganglionares actian como codificadores independientes. Los autores
analizaban cémo pares de células ganglionares de la retina codifican el
estimulo visual por sus patrones de disparo. En trabajos previos se habia
concluido que las células ganglionares cercanas tienen una fuerte tendencia
a disparar en sincronia. Sn embargo estos autores afirman que estas
correlaciones son irrelevantes para la codificacion visual realizada por las
células ganglionares, porque "mds de 90% de la informacién sobre los estimulos
se pueden obtener de las células cuando se ignora su correlacion". Escriben como
conclusion que "las células ganglionares actian en gran medida de forma
independiente para codificar la informacion, lo que simplifica en gran medida el
problema de la decodificacion de su actividad", porque “la actividad de cualquier
célula dada puede evaluarse por separado de otras células". Estas afirmaciones
provocaron la reaccidn critica de varios de los investigadores citados por
ellos, especialmente de M. Meister, autor de varios de los primeros trabajos
en los que se usaron multielectrodos (Meister et al., 1994) y en los que se

afirmaba que el disparo concertado de células ganglionares es critico para el
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procesamiento del cddigo neuronal (Meister et al., 1995). Su réplica fue:
"Desafortunadamente, el articulo no contiene ninguna evidencia de estas
proposiciones. Las afirmaciones se basan en dos métodos de andlisis, ambos

defectuosos". (Meister y Hosoya, 2001)

En el momento de realizar nuestras investigaciones el tema seguia candente
y buscamos utilizar diversas herramientas matematicas que aplicadas a los
registros obtenidos en nuestros experimentos permitieran apoyar una

hipotesis u otra.

Por otra parte, en el caso de que se considere mas relevante para codificar
una escena visual la actividad poblacional, hay que estudiar -también
matematicamente- las correlaciones que se observen en los registros de

grupos neuronales y cdmo deben interpretarse.

Grupos de neuronas sincronicas

Actualmente es posible obtener la respuesta de una poblacién de neuronas
gracias al uso en fisiologia de las matrices de multielectrodos. En los
experimentos realizados en nuestro laboratorio hemos usado la desarrollada
por investigadores de la Universidad de Utah (Figura 1.8). Consiste en 100
microelectrodos de 1,5 mm de longitud, aislados eléctricamente unos de
otros y situados en un substrato de silicona de 4 mm x 4 mm. Con esta
arquitectura, al insertarlos en retinas activas o en otro tipo de tejido
neuronal, se pueden registrar los potenciales de accion de decenas de
neuronas simultdaneamente. Ademads, con la tecnologia adecuada, también
pueden ser utilizados para estimular, incluso en intervenciones terapéuticas

(Normann y Ferndndez, 2016).
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Figura 1.8: Matriz de multielectrodos de Utah.

El uso de este tipo de matrices de multielectrodos en los experimentos ha
hecho necesario el desarrollo de nuevas herramientas para analizar
adecuadamente todos los datos que con ellos se obtienen. Un primer
problema cuando se trabaja con registros extracelulares multineuronales es
discriminar e identificar los potenciales de acciéon, denominados espigas, de
cada neurona individual. Esto ha sido muy estudiado y se conocen diversos

algoritmos para realizar esta clasificacion (Lewicki, 1998, Rey et al. 2015).

En nuestro laboratorio se desarrolld para ello Nev2lkit, un programa libre de
cddigo abierto (Bongard et al., 2014), que es el que hemos utilizado para el

analisis de nuestros registros electrofisiologicos.

Una vez obtenidos los trenes de espigas correspondientes a cada célula de la
poblacién es interesante poder detectar grupos de células que disparan
sincronicamente. Con ello conseguimos reducir los datos con vistas a
simularlos en retinas artificiales y, ademas, estos grupos pueden tener un
papel relevante en la transmision de la informacion. En este orden de ideas,
cuando hablamos de sincronia estamos considerando aquellas situaciones

en que dos o mas neuronas disparan simultdneamente potenciales de accion

30



INTRODUCCION

con mas frecuencia de la que se produce asumiendo un modelo de
probabilidad de disparo independiente. Normalmente en la retina la

sincronia viene inducida por el estimulo.

Se han observado disparos sincrénicos en todas las etapas del
procesamiento visual (Usrey y Reid, 1999) aunque la causa de que
aparezcan puede ser distinta en cada una de ellas. Por ejemplo, una sola
célula ganglionar de la retina inerva mas de una célula del cuerpo

geniculado lateral, eso provoca que en éste se registre una mayor sincronia.

El método mas sencillo, y por tanto mas usado, para detectar sincronia se
basa en los correlogramas, pero estos solo permiten analizar pares de
células. Schnitzer y Meister (2003), registrando con multielectrodos en
retinas de salamandra, encontraron con frecuencia grupos numerosos de
células disparando sincronicamente, pero no llegaron a describir
metodologias para su andlisis. Partiendo de estos resultados hemos
intentado desarrollar métodos que permitan estudiar y detectar la presencia
de grupos de células que disparan de forma sincronica. De manera
resumida: si un grupo grande de células (por ejemplo 10) disparan
sincrénicamente -algo muy poco probable-, el evento proporciona mucha
informacion. Sin embargo, que dos células disparen casi simultaneamente
en instantes temporales muy cercanos es mucho mas probable, por lo que la

informacion que esto nos aporta es escasa.

Decodificacion de las respuestas

Una vez que se han estudiado algunas de las caracteristicas principales de la

codificacion de la informacién que se produce en la retina se pueden
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desarrollar técnicas y algoritmos que simulen la transmision de dicha

informacién.

El siguiente paso consiste en validar dichas simulaciones. Seran mejores
aquellas que mejor transmitan el estimulo; por lo tanto, es preciso estudiar
el modo en que se puede reproducir este a partir de las respuestas
neuronales. Este es el denominado problema de la decodificacion. Esto no debe
estudiarse solo a partir de estimulos simples, como los que habitualmente se
utilizan en los experimentos cuyo objetivo es conocer mejor la codificacion,
sino que deben usarse escenas naturales semejantes a las que ven los
animales, ya que lo que se busca es simular verazmente su comportamiento

sensorial.

Un acercamiento al modo en que estas imagenes naturales se decodifican en
las areas visuales superiores se basa en desarrollar modelos probabilisticos
de las mismas para explicar la codificacion que se realiza en la retina en
términos de los pardmetros que los caracterizan. Los trabajos de Olshausen
y Field (1996, 2005) muestran que las propiedades de los campos receptivos
obtenidos con simulaciones basadas en esta aproximacion coinciden con los
encontrados para neuronas de la corteza visual primaria de los mamiferos,
pareciendo indicar que esta decodifica la informacion de un modo similar al

modelo propuesto.

En todo caso, finalmente hay que utilizar algiin procedimiento para
cuantificar la validez del resultado obtenido en la reconstruccion de la
escena comparandola con la original. De ese modo podremos valorar si los
pardametros considerados son suficientes, si son los mas relevantes, etc.; en

definitiva, evaluar nuestro modelo de decodificacion.
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1.2 Objetivos

El objetivo general de la presente tesis es conocer coémo se procesa la
informacion visual dentro de la retina y analizar con que codigos se
transmite al cerebro para contribuir asi al desarrollo de un modelo
bioinspirado de retina artificial que se aproxime a las caracteristicas

funcionales basicas de las retinas bioldgicas.
Esto se pretende conseguir mediante los siguientes objetivos especificos:

e Discriminar tipos celulares en la retina mediante la utilizacién del
analisis fractal.

e Estudiar las interacciones espaciales entre mosaicos neuronales mediante
el diagrama de Voronoi.

e Cuantificar como las respuestas neuronales varian frente a diferentes
estimulos para determinar de qué modo estan siendo codificados

e Desarrollar y usar procedimientos para analizar registros simultaneos de
respuestas de poblaciones celulares de la retina obtenidos
experimentalmente con multielectrodos.

e Caracterizar, mediante diversos métodos, las células (o subgrupos de
células) de una poblacion que mejor discriminan un determinado
estimulo y con qué pardmetros lo hacen.

e Proponer nuevos modelos de estimulo-repuesta para poblaciones
celulares a partir de los experimentos con multielectrodos.

e Disenar, implementar y analizar algoritmos que permitan evaluar la

fiabilidad de dichos modelos al ser aplicados a los datos empiricos.
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Abstract

In the last few vears, fractal analvsis has found widespread application in the field of neuroscience and some investigators are
starting to use multifractals as a methodology that may provide information about the distribution of fractal dimensions in
biological structures. This is so, despite of the technical difficulties of multifractal analysis. In this paper, we investigate the
theoretical and practical aspects of studying and measuring the multifractal dimensions of neurons. Patterns were analysed by
means of the standard box-counting method and 2 generalised sand-box method. Our results show that odd behaviours of D,
reported in the literature are a consequence of numerical deficiencies of the box-counting method and cannot be associated to
peculiar geometrical characteristics of neurons Instead the sand-box method gives a D_ which monotonically decreases with g.
Although this result mayv indicate that neurons are multifractals, it is argued that size effects may in fact be the origin of this
apparent multifractality. © 1999 Elsevier Science B.'V_ All rights reserved.

Kevwords; DLA aggregates, Fractal dimension: Multifractals; Neurcas

1. Introduction

Over the past 20 wyears, fractal analysis has been
widely used to characterise biological systems (Mandel-
brot, 1982; Feder 198%; Bassingthwaighte et al, 1994;
Cross  1994; Mandelbrot, 1994:; Iannaccone and
Khokha, 1996). In particular, it has been shown that
fractal analysis is a useful tool for improving image
description of neurons, and that, although the fractal
dimension alone does not completely specify a cell's
morphology, and indeed it should not be expected to. it
is a statistically significant parameter for identifying
and differentiating neuronal cell classes (Fernandez et
al, 1994; Fernandez and Jelinek, 1999). On the other
hand, the concept of fractal dimension (D)} has been
dampened by some severe limitations. First of all, the
mathematically rigorous determination of D is almost
impossible for a fractal point set obtained from digi-
tised photos, drawings or other experimental data, al-
though a very good estimate of D) can be achieved by
different methods of fractal analysis. Furthermore,

* Corresponding  author. Tel: + 34-6-3919439; fax:
5919434,
E-mail address; e fernandezi@umh es (E. Fernandez)

+34-6-

there are several different dimensions, and several
methods to calculate the fractal dimension, that may
give slightly different numerical values of D for the
same experimental data set (Jelinek and Ferndndez,
1998). An even more basic consideration is that most
measurements cover only a relatively few decades
(Russ, 1994; Avnir et al., 1998). so that some authors
have suggested that most biological patterns are not
fractals but space filling objects (Panico and Sterling,
1995). In spite of these problems, fractal analysis has
already found widespread application in the field of
neuroscience (see Ferniandez and Jelinek, 1999 for a
review) and is being used in many other areas (Bundle
and Havling, 1994; Nonnenmacher et al., 1994; Tannac-
cone and Khokha, 1996).

A criticism that could be levelled at almost all meth-
ods used to measure D, is that it iz not always and
adequate descriptor of a determined profile. For exam-
ple, two neurons may appear visually very different
from one to another, vet having the same fractal dimen-
sion (Smith et al., 1989, 1996; Fernandez et al., 1994;
Smith and Lange, 1996). Furthermore, we can imagine
that a complex structure such as a neuron, can be a
mixture of different fractals. each one with a different
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fractal dimension. In such a case. the whole structure
will have a dimension which is simply the dimension of
the component(s) with the largest density (Peitgen et
al,, 1992). This means that the resulting number may
not characterise the mixture. Thus some investigators
are starting to use multifractals as a more comprehen-
sive methodology that may provide information about
the distribution of fractal dimensions in biological
structures (Smith et al., 1996; Smith and Lange, 1998).
This is so despite of the fact that the technical
difficulries of multifractal analysis are far more serious
than those related to the analvsis of the fractality itself.
As an example we note that whereas even the most
extensive numerical analysis carried out up to now
(Viesek et al, 1990) indicate that clusters generated
through the diffusion-limited aggregation model (DLA)
may be multifractals, widely accepted arguments show
that they are in fact not (Lam, 1995).

In this work we discuss the theoretical and practical
aspects of studving and measuring the multifractal di-
mensions of neurons, emphasising the serious
difficulties encountered in multifractal analvsis of ex-
perimental objects. We test our methods on DLA clus-
ters having a number of pixels similar to that used in
the analysis of neurons. Our results show that if the
box-counting method is used, not only neurons but also
standard DLA aggrepates show an odd behaviour of
the generalised dimension D,. which is characterised by
a non-monotic dependence on q. In particular, D =
D, a result clearly incompatible with the very basic
properties of multifractals. Instead, if the sand-box
method is used, the generalised fractal dimensions of
both neurons and DLA aggregates behave as expected.
We conclude that previously published abnormal re-
sults are a consequence of deficiencies of the box-count-
ing method, rather than of unusual geometrical
characteristics of neurons. On the other hand, compari-
son with present and previously published results for
DLA aggregates, suggest that size effects are likely the
origin of much of the apparent multifractality of
neurons.

2. Methods
2.1. Retinal neurons

A random sample of retinal neurons from cat and
turtle, whose fractality had been previously investigated
(Fernandez et al., 1994; Jelinek and Fernandez, 1998)
were examined in this study. Most of the cells were
previously published images of retinal neurons that
were characterised morphologically either using Golgi-
impregnation techniques or intracellular injection of
horseradish peroxidase or lucifer yellow after physio-
logical recordings. All cells were drawn using camera
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lucida projection as seen in wholemount preparations
(Fig. 1).

To determine the fractal dimension of the cells, the
drawings were digitised by a scanner with a resolution
of 300 dpi to produce black and white binary images.
All the drawings were analysed in three ways: as binary
or real drawings (black-on-white), as one-pixel-border
images and as skeletonised tracings. The transforma-
tions were performed using the WIH-Image processing
software (developed at the US National Institutes of
Health and awvailable on the Internet at http:)//
rsb.info.nih.gov/nih-image/).

2.2 DILA elusters

To test our methods we calculated the D, spectrum
for several DLA clusters having a number of pixels
similar to that of the neurons here investipated (both
around 100000). DLA (Witten and Sander, 1983) and
the equivalent dielectric breakdown (DB) model
(Niemeyer et al., 1984) are examples of growth in scalar
fields. Those two models, together with their vectorial
counterpart, the so called mechanical breakdown (MB)
model devised to investigate crack propagation (Louis
and Guinea, 1987) are the most intensively investigated
growth models. Computer generated DLA aggregates
having around 100000 particles, were obtained in a
two-dimensional grid, by implementing the enhanced
diffusion algorithm which has been shown to be equiv-
alent to the ordinary DLA process (Vicsek et al., 1990).
Briefly, the procedure starts by fixing a single particle
or seed point at the origen of a two-dimensional coordi-
nate system. This particle is not allowed to move. Next
we select a region of interest centred around the initial
sticky or seed particle. The computer injects then a free
particle at the boundary of the region and lets it to

Figz. 1. Line drawing of a retinal ganglion cell as seen in a whole-
mount projection.
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ig. 2. Typical diffusion-limited aggregation (DLA) cluster contain-
ing arcund 100 000 particles generated on 2 triangular lattice.

move about randomly. Two things may happen in the
course of this motion. Either the particle leaves the
region of interest, in which case the computer forgets
about it, or the particle stays in this region until it
attaches to the first sticky particle and also becomes a
sticky particle (we used a sticking probability of 100%).
The procedure is then repeated until the growing cluster
of connected sticky particles gets around 100 000 parti-
cles. For practical purposes, the computation was based
on a triangular lattice of pixels and the free particle was
allowed to move to one of its six neighbouring pixels in
one time step. Fig. 2 shows an example of a simulated
DLA cluster. All computations were performed using
16 decimal digits of precision on a Unix DEC3000
workstation, or on a Pentium II computer running
Linux.

To determine the fractal dimension of the DLA
aggregates in a similar way to that of retinal neurons,
the computer-generated images were printed out and
digitised by a scanner with a resolution of 300 dpi to
produce black and white binary images. We also
analysed DLA aggregates by using directly the simu-
lated coordinates of each aggregated particle stored on
the computer.

2.3, Mulrifractal analysis: box-counting method

In general, there are several basic approaches for
measuring the fractal dimension of an object (Smith et
al., 1989, 1996; Fernandez and Jelinek, 1999; Jelinek
and Fernandez, 1998). Two of the most commonly used
techniques, that can be also used for a multifractal
analysis, are the box-counting and the so called sand-
box or cumulative mass method.

To estimate D using the box-counting method, the
Euclidean space containing the image is covered with
d-dimensional boxes of linear size [ If we consider the
finite size L of the object, we can use £=1[/L. which is
the size of covering boxes normalised by the linear size
of the structure, and write

N(g)oce™ P (1)

where N(g) is the number of boxes needed to cover
entirely the object and D is the fractal dimension. g is
made progressively smaller and the corresponding num-
ber of non-empty boxes, N(g) are counted. The loga-
rithm of N(g) versus the logarithm of g, gives a line
whose gradient corresponds to D.

Clearly this is the crudest measure of the object,
because no consideration is given to the fact that
different numbers of object elements (e.g. pixels) can
contact a box. Thus, this measure contains no informa-
tion about the fine structure of the object. The next step
toward the multifractal analysis is counting the pixels in
each box M;(/). Using the mass distribution, and its
g-th moments, the generalised dimensions are defined
by

AT g — 13D
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where M, is the total number of pixels in the image.

In the analysis of multifractality, it is particularly
important the use of sizes [ be at least two orders of
magnitude smaller than I and two orders of magnitude
greater than the pixel size. This implies that the images
must be as large as possible (Viesek et al. 1990).

2.4. Multifractal analysis: sand-box method

The calculation of D, for g0 by means of the
box-counting method is hindered by the fact that the
boxes which contain a small number of particles give an
excessively large contribution to the sum in the left-
hand side of (Eq. (1)) and, as a consequence, the results
are not reliable. To overcome this problem we have
used the generalised sand-box method proposed by
Vicsek et al. (1990). This method consists of calculating
the average of masses M(R) and their g-th moments
within circles of radius R that are always centred on the
cluster. The procedure reduces the undesired effect of
almost empty boxes. The circles are randomly dis-
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tributed on the aggregate. Commonly a number of
circles smaller than 10% of the total number of particles
or pixels in the aggregate is enough. Note also that non
overlapping of the circles is not required. Then the
analysis proceeds as above, namely, the scaling of
{MYR)> with R is investigated, where (...) denotes the
average over the centres. Accordingly. (Eq. (2)) takes
the form,

M(RM\  (R\&"Pa
— 1) — 3
<( M, ) I(L) (3)

In implementing this method we have calculated the
average in (Eq. (3)) on a set of circles centred on 3% of
the total number of pixels. We have checked that
increasing this number does not change the results.

3. Results
3.1. Retinal cells

According to fractal theory, if neurons are just sim-
ple fractals, what we should expect is a uniform mea-
sure or constant D. Thus, the graphical representation
of D, versus g should give more or less a straight line,
because all the D, values are approximately the same.
However, it could happen that such a simple fractal
picture cannot be sufficient to characterise neurons. In
this case, what we would really have is something like a
spectrum of numbers providing information about the
distribution of fractal dimensions in these structures,
and we should interpret these structures in terms of
multifractal scaling (Viesek. 1992).

Fig. 3 shows the results for two retinal ganglion cells
using either the box-counting {empty symbols) or the
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Fig. 3. Dependence of the generalised dimensions D, on g for two
neuronal cells of the turtle retina (circles and sguares). The results
were obtained by using either the box-counting (empty symbols) or 2
generalised sand-box (filled symbols) method (see text). The digi-
talised pictures of the cells contained around 20 000 pixels.

40

In<[M(ryM,]">/(g-1)

s T4 a2
In(r/L)

Fig. 4. Caleulation of the generalised dimension [, associated to the
mass distribution i a neuronal cell of the turtle retina. The digi-
talised picture of the cell contained around 20 000 pixels. Czlculations
were carried out by means of sither the generalised sand-box (A) or
the box-counting (B) methods (see text). The results correspond to
g= — 10 (circles), g=0 (sguares) and g= 10 (diamonds). Straight
lines were fitted for In{z/L) in the range [ — 4. — 1.3]. The generalised
fractal dimensions which result from these fittings are: sand-box
method, 1.92, 1.83 and 1.72, and box-counting method. 1.43, 1.62
and 1.60, for g= — 10, D and 10, respectively.

generalised sand-box (filled symbols) methods. Clearly
we did not get a uniform distribution of D, versus g, so
it seems that a single D value could not be enough for
the characterisation of these cells. At this point, we can
imagine that these retinal cells, have different areas
with locally different D, which could reflect different
branching patterns, different synaptic conectivity or
different processing capabilities. If we assume that these
neurons are multifractals, then an infinite hierarchy of
exponents is needed to account for their complicated
structure and the D distribution should decrease
monotonically in value as g increases (Vicsek et al.,
1990; Viesek, 1992). Our results (Fig. 3) show impor-
tant differences depending on the procedure used for
the analysis. Specifically, whereas the generalised sand-
box method gives 2 monotonically declining curve for
D, versus g for all g, the box-counting method gives,
for ¢ = 0, what has been called by some authors (Bos et
al.,, 1996; Smith and Lange, 1998) an anomalous D,
curve, in the sense that D, is an increasing function of
g for negative g.

Fig. 4 shows a tvpical set of results for a retinal cell,
where the scaling of the moments of the box masses is
demonstrated for g= — 10, 0, 10. It is clear from this
figure that the various moments scale differently and
that the results obtained by means of the generalised
sand-box method (Fig. 4A) are quite different of the
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results given by the box-counting method (Fig. 4B).
The strong dispersion of the data points observed in the
box-counting results for ¢= — 10 (circles) could be
explained by the dominant contribution of boxes with
too few pixels on the negative ¢’s range (Vicsek, 1992).
This illustrates the unsuitability of the box-counting
method for g < 0.

The results of the generalised sand-box method (Figs.
3 and 4A) suggest that retinal neurons are not homoge-
neous fractals in the sense that the local scaling of the
mass is described by a set of exponents. The overall
dependence of D, on g is consistent with the expected
behaviour for a multifractal geometry because it shows
a monotonic decay with increasing g¢.

3.2, DLA aggregates

Although the distribution of growth probabilities of
DL A aggregates has been shown to be multifractal
(Nitrmann et al., 1987; Ohta and Honjo, 1988), the
DLA cluster itsef, was originallv suggested to be a
self-similar fractal, characterised solely by the fractal
dimension D. Subsequent extensive simulations have
suggested that DLA clusters do in fact have a multi-
fractal geometry (Vicsek et al., 1990). This result is,
however, in contradiction with the analvsis of Lam
(1993) which indicates that finite-size effects may in fact
be the origin of the apparent multifractal behaviour
reported in previous numerical studies. Thus Lam
(1995) concludes that DLA aggregates can be specified
by the fractal dimension alone.

When we determined the D, spectrum of DLA aggre-
gates using the box-counting procedure, we found that
for g = 0 they decrease monotonically with increasing g,
as expected. However, our results show an anomalous
behaviour for ¢ < 0 (Fig. 5). The results do not depend
on whether the coordinates of the pixels in the gener-
ated DLA clusters or those in the scanned version of
these clusters were used in the multifractal analvsis,
Instead, the generalised sand-box technique, the D,
spectrum associated with the mass distribution gives a
D, spectrum that decreases monotonically with increas-
ing ¢ (Fig. 3).

The scaling of the moments of the box masses was
similar to that for retinal neurons (Fig. 6), showing
significant differences between the generalised dimen-
sions. We carried out the above analysis for 10 DLA
clusters and found similar scaling of the moments of
the box masses, suggesting that the geometry of DLA
might have a multifractal behaviour. Consequently, the
numerical results suggest that the local density of DLA
scales like a multifractal measure and, thus, has to be
described by an infinite set of mass exponents. Note,
however, that the difference D |, — D, is in our case
larger than that found by Vicsek et al. (1990), approxi-
mately 0.23 and 0.14, respectively, indicating that the

apparent multifractal behaviour of Fig. 3 may in fact be
a finite-size effect, as the clusters used by Vicsek et al.
(1990 are an order of magnitude larger than those
analysed here. This is in agreement with Lam’s sugges-
tion (Lam, 1995). This author pointed out that there
does not seem to be any reason for the existence of any
multiplicative cascade process for the distribution of
mass inside the DLA and that the apparent multifrac-
talitv obtained by means of numerical analyses should
be a finite-size effect.

4. Discussion

Although some biological patterns can be adequately
characterised with a single exponent, the fractal dimen-
sion, this measure is a global or average measure of an
object, and says nothing about the spatial distribution
of the measured property (Peitgen et al., 1992). In fact,
some biological structures that look different and are
structurally different, may have the same value of D
(Smith et al., 1989; Ferndndez et al., 1994; Smith and
Lange, 1996). Furthermore, it is common to find in the
literature that observed data depart from the ideal
fractal relationship defined by a straight-line log—log
plot, and it has been suggested that this departure could
be described by a multifractal behaviour (Russ, 1994).
These recognised limitations of fractal dimension has
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Fig. 5. Dependence of the generalised dimensions D) on g for three
diffusion-limited aggregation (DLA) clusters (circles, sguares and
diamonds) grown on a triangular lattice and having around 100000
particles each. The results were obtained by using either the box-
counting (empty symbols) or a generalised sand-box (filled symbols)
method {ses text).
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Fiz. 6. Calculation of the generalised dimension £}, associated to the
mass distribution in a diffusion-limited aggregzation (DLA) cluster
grown on a triangular lattice and containing arcund 100 000 particles.
Calculations were carried out by means of either the generalised
sand-box (A) or the box-counting (B) methods (see text). The results
correspond to g= — 10 ({circles), g =0 (squares) and g= 10 (dia-
monds). Straight lines were fitted for Imfr/L) in the range [—4,
— 1.5]. The generalised fractal dimensions which result from these
fittings are: sand-box method, 198, 1.79 and 1.73, and box-counting
method, 2.27, 1.66 and 1.69, for g= — 10, 0 and 10, respectively.

lead to the search for other distinguishing measures
such as the lacunarity and the multifractal distribution
of fractal dimensions. In this context, recent studies
{Smith et al., 1996; Smith and Lange. 1998) have sug-
gested that certain individual nerve and glial cells may
have a multifractal structure, although the behaviour of
their generalised dimensions is rather odd. More specifi-
cally. the above mentioned studies reported what they
call an anomalous D, curve (Bos et al., 1996; Smith and
Lange, 1998), in the sense that D, is an increasing
function of g for all g, a result clearly incompatible with
the wvery basic properties of multifractality (Viesek,
1992),

The present study was undertaken to elucidate
whether retinal neurons are or not multifractals and to
investigate the multifractal properties of these neuron
cells. Our results show that if the box-counting method
is used not only neurons but also standard DLA aggre-
gates show the anomalous behaviour mentioned above.
It has been shown by several authors that this problem
is because of the fact that boxes which contain a small
number of particles or pixels give an anomalously large
contribution to the relative weight of each box. As a
consequence, the box-counting method does not allow
to get reliable results for negative g. A solution to this
problem (Vicsek et al., 1990; Vicsek 1992; Smith and
Lange, 1998) is to use the generalised sand-box method.
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Since the generalised sand-box method is based on
studving the average of masses of circles centred on the
object, there are no circles with too few pixels in them
and so it is possible to get more reliable results for
negative moments. Our results show that if the sand-
box method is nused, the generalised fractal dimensions
of neurons do in fact behave as expected. We conclude
that previous abnormal results should be a consequence
of deficiencies of the box-counting method, rather than
of unusual characteristics of neurons.

Apparently, our numerical results indicate that reti-
nal neurons are true multifractals, and that the distribu-
tion of fractal dimensions in a neuron could be related
with different growing probabilities, geometrical char-
acteristics, synaptic connectivity or physiological re-
sponses. Unfortunately our results on DLA aggregates
did not allow us to support this idea and we are forced
to examine carefully this hypothesis. Thus although the
distribution of growth probabilities of DLA aggregates
has been shown to be multifractal (Amitrano et al.,
1986; Ohta and Honjo, 1988) and there are some
reports that suggest that these DL A aggregates might
have multifractal geometry (Viesek et al., 1990), the
recent study of Lam (1995) shows that DLA follows
simple scaling with strong finite-size effects. Our results
are in agreement with the study of Lam (1993} and
support the view that finite-size effects can account for
the deviations observed from simple scaling. This inter-
pretation provides a plausible description for all numer-
ical results on neurons and DLA, and is already
sufficient to explain the apparent multifractality of
finite DLA aggregates and retinal neurons. Conse-
quently the interpretation of complex scaling instead of
finite-size effects is not well founded and have been
shown to lead, at least for the case of DLA, to trivially
wrong predictions, (see Lam, 1995 for a review). To this
end we can not conclude that neurons are multifractals.

In this context it is interesting to corment on recent
large scale simulations of DLA carried out by Mandel-
brot (1992). This author showed that when the number
of aggregate particles is very large (clusters having up
to 40 millions particles were investigated) DLA clusters
are no longer fractal but rather space filling objects
having the same dimension than the underlying Eu-
clidean space. If this result is confirmed the conclusion
may be that DLA would only have a fractional dimen-
sion at a medium scale (through a more or less large
number of decades). The change from a fractal to a
non-fractal object may be a crossover effect. This may
also be of relevance as far as the eventual multifractal
character of the clusters is concerned. In fact. if that
was the case, the present and previous results (Vicsek et
al., 1990) indicate that medium size DLA clusters could
be considered multifractal up to the same extent they
are considered fractals. Something similar could be
assessed in relation to neurons.
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Finally although several studies of measures defined
on fractal substrates, indicate that many distributions
in nature should be interpreted in terms of multifractal
scaling (Halsev et al., 1986; Peitgen et al., 1992; Man-
delbrot, 1994: Lam, 1995) little is known about geomet-
rical muldfractality (Vicsek et al., 1990) and more
studies are necessary to know the relevance and practi-
cal applications of these measurements in biological
structures.
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In most mammals short-wavelength-sensitive (2) cones are arranged in Irregular patterns with widely variable
intercell distances. Conszequently, mosaics of connected interneurons either may show some type of correla-
tion to photoreceptor placement or may eztablish an independent lattice with compenszatory dendritic organi-
zation. Since axonless horizental cells (A-HC's) are supposed to direct all dendrites to overlving cones, we
studied their spatial interaction with chromatic cone subclazzes.  In the cheetah, the bobeat, and the leopard,
anti-S-opsin antibodies have consistently colabeled the A-HC'z in addition to the S cones.  We investigated the
interaction between the two cell mozaies, uszing autocorrelation and cross-correlation procedures, including a
Vorenoi-based density probe.  Comparisons with zimulations of random mosaics show significantly lower den-
sities of S cones above the cell bodies and primary dendrites of A HC's. The pattern results in different long-
wavelength-zenzitive-L- and S-cone ratios in the central versus the peripheral zones of A-HC dendritic fields.
The exiztence of a related pattern at the synaptic level and its potential significance for color processing may

be investigated in further studies. © 2000 Optical Society of America [S0740-3232(00302203-11
OCITS codes: 330.7310, 330.1720, 330.5310, 330.6180, 330.6130, 330.5000.

1. INTRODUCTION

It 1z generally azsumed that variations of retinal photore-
ceptor mosaies found among species with differing lif-
estyles reflect the design of the eye’s optics and neuronal
prain.® Basically, the retinal sensery layer serves as a
testing ground for evolution.

A, Mammalian 5-Cone Mosaics: Generally Irregular

The possibilities of identifying short-wavelength-sensitive
(S} cones in primatesz‘s have imutiated studies of their
S-cone mosaic properties and of the conzequences for spa-
tial and chromatic processing. %" The fact that in most
diurnal species S cones constitute only & minor subpopu-
lation hasz been attributed to the defocusing effects of S
image components. Application of antiopsin antibody to
other mammalian gpecies provides a more balanced view
on S-cone mosaics.  Irregular rather than regular pat-
terns appears to be the rale among most marmmals with
S-cone mozaies (Fig. 1). This group includes marsupials
such as the opossum,® as well ax rabbits, cats, horses,
rats, and guinea pigs >*1* but the irregularity has been
also found in Tarsius, a nocturnal prosimian,®® and in
hoth the dichromatie and the trichromatic marmoset
(Callithriz), a diurmal platyrrhine monkey 1?2 Although
not erystalline, the peripheral S-cone mosaie of humansa

and Old World monkevs iz clearly nonrandem 32415
S-cone submosaics of similar regularity have also evolved
in two other mammalian groups. In both groups, the
ground zquirrels and their relatives'®7 and the tree
shrews '® the regular S-cone mosaies are associated with
cone-dominant retinas.

B. 5-Cone Patterns and Connectivity to Interneurons
Ohver the years it has been established that most placen-
tal mammasals have two types of horizontal cell {HC}_ag.zn
The specific role of these cell types’ dendritic trees, both
connecting to conez,” ™ has remained an enigma. For
primate HC’s, it has been shown®-2% that a weighting of
connectivity exists with respect to the two major clazzes
of cones. H2-H('s (possibly a modified axonless type™)
have elevated connection densities to S cones within their
dendritic field but also connect to long-wavelength-
zenzitive (L) and middle-wavelength-sensitive (M) cones.
For other mammalian species, no concluzive evidence for
the exiztence of chromatic connection patterns has been
reported.

An important approach toward probing for mutual in-
terdependence of mosaies such as 8 cones and HC's i3
cross correlation 7 Recently, the methed of antocorre-
lation by establishment of a density recovery profile has
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Fig. 1. Cheetah retina, superior periphery: JH45E labeling.
S-cone position plotted on composite image of horizontal cell (HC)
level merged from focuszed portions within a series of optical sec-
tions. S cones (dark spots) are Drregularly arranged. Cluster-
ing preferentially appears shove areas in which peripheral den-
dritez from HC's overlap (enclozed within dashed circlel. A-HC
bodies (white civele indicates nucleus pozition) and primary den-
drites remain largely free of S cones as well as zones with few or
no dendrites (asterisk).

been extended to eorrelate the positions of 5 cones with
the pozitions of underlying S-cone sggciﬁ.e bipolar cells
(blue bipolars} in the primate retina ™" The result sug-
geats that there 13 direct dependence between the two mo-
saics, whereby the blue bipolar eell positions have more
degrees of freedom by virtue of the lateral range of their
dendritea. Extending thiz concept to interneuron types
with even larger dendritic range and eons=iderable overlap
such as axonless horizontal cells (A-HC's*™) would im-
ply that the two mosaics should become practically inde-
pendent. If there 1s still correlation, it may then point to
other conatraints.

The present paper takes a new approach, bazed on the
individual shapes of Voronoi domains, to probe for specific
spatial correlations between HC's and spectral cone types
in nonprimate mammeals. It disecnsses pozsible ap-
proaches toward verification of the properties of irregular
INOSAICE.

2. MATERIALS AND METHODS

A. Specimens and Data Acguisition

Eves from three cheetahs, two European lynxes, one leop-
ard, and two mandrills (zoo animals delivered to veteri-
nary pathology for autopsy) were removed 20 min to 20 h
after death and were fixed in 4% paraformaldehyde in
phozphate buffered saline solution. Isclated retinas
were prepared as whole mounts and were then labeled
with one or two antibodies [we uszed peanut agglutinin,
antiopzin JH492 and antiopsin JH455 (the last two were
kindly provided by J. Nathans)], as described elsewhere ®
JHA455 labeled not only the S-cone outer segments but
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alzo oceasionally the complete cones, and, more impor-
tantly, it consistently led to colabeling of cell bodies and
major dendrites of A-HC's (Fig. 1)

Positions of cells were mapped with an on-line videomi-
crozeopy syvstem (Hamamatsu 2400 camera; Apple Power
Mae with Video-Monitor-Genlock software). Through-
focus zeries were captured digitally (Photometrix) from
outer zegments to HC's to create Adobe Photoshop
multilaver filea. Point pattern graphs were ereated in
CANVAS or Photoshop overlay planes. For pattern
analysis, x and y coordinates were identified with NIH
Image software.

B. Data Analysis

The spatial organization of the S-cone and the A-HC mo-
saies  wad zed with the Spatial Point Pattern
software®™ by means of the distribution of nearest-
neighbor distances ®® Furthermore, we also used analy-
sis of cross correlation between different arrays 2 253438
We introduce what is, to our knowledge, a new procedure
that 13 based on the Vorono {or Dirichlet) tessellation to
adapt to the frequently noneirenlar dendritic fields (DFs)
of many A-HC's.

The diagram obtained by the method iz illustrated in
Fig. 2. First, a population iz chosen as a reference (in our
casze, the A-HC'z). Then the Voronoi tessellation for
these cells is computed 3% Each Voronoi polygon con-
aizts of all the points in the plane that are closer to one

Fig. 2. Diagram cbtained by the Voronoi-based cross-correlation
procedure. Each Voronoi domain defines the ares in the plane
of the A-HC population that iz clozer to one A-HC than to any
other A-HC of the array. The areas are uniform, indicating that
A-HC’z tile the retina evenly. The next step i= the construction
of bandsz arcund the edges of the Voronoed polygons and the com-
putation of the number of peints belonging to the upper popula-
tion (S conez) inside theze bands. The basic idea iz that, if both
populations are independent, then the occurrence of an A-HC
should not alter the probability of the cceurrence of 8 cones, and
the average density of 8 cones should be the zame inside and out-
side the bands. The width of each band is calculated specifically
for each point and sach edge of the Vorcnol diagram (see Section
2). In this illustration the gray bands reprezent a bandwidth of
0,29 (=29% to the diztance between a given A-HC and its clozer
Voromoi edges). For this bandwidth, the areas inside (white)
and cutside (gray) the polygons are equivalent, so the same num-
ber of 8 cones is expected (V proportion is equal to 0.3) inside and
outside the bands. Since there are more S cones inside the
bands, the V propartion (=0.82) iz higher than expected and in-
dicates a negative correlation between both mosaics.
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Table 1. Nearest-Neighbor Histograms of Cones
Shown in Fig. 3

Cell Type n Mdist® (m)  SD Pt
Cheetah A-HC s 112.7 237 R 0.000
Cheetah SC¢ 353 257 119 I’ po3ar
Mandrill SC 244 3748 85 R: 0000
Mandrill LCF 2054 142 19 R: 0000

“Mdist, nesrest-neighbor distance.

£ P probability valas found by the Clark-Evens msthod ¢
*R, regular distribntion.

43¢, short-wavelength-sensitive cone.

ff, irregnlar distribution.

'LC, long-wavelength-zsensitive cona.

cell than to any other eell in the mosaie. The next step 12
the construetion of bands around the edges of the Voronoi
polygons and the computation of the number of points be-
longing to the distal population (S cones) inzide these
bands. The basic idea 15 to study the pattern of interde-
pendence among the two component patterns. Thus, if
both populations are independent, then the oceurrence of
a reference eell should not alter the probabiality of the oc-
currence of the sample cells, and the average density of
sample cells should be the zame inside and outside the
bands. However, it could happen that the zample cells
(e.g., S cones) show either a positive or a negative corre-
lation with the reference cells (g, A-HC2) In & two-
dimensional array this may simply reflect the physical
gize of the cells; in layered samples it may be a manifes-
tation of more-subtle effects. If reference cells inhibit
sample cellz, then the latter will be near the edges of the
Voronol diagram, and the number of sample cells inside
the bands will be significantly higher than expected. If
the number of sample eells inside the bands iz decreased,
it means that reference cells are positively correlated
with them.

The expected proportion of cells inside the bands, pro-
vided that both populations are independent, 1s easily cal-
culated. Let Ar be the width of each band (it 15 not fixed
for the entire area being studied but 1z proportional to the
distance between a given point and its closer Voronoi
edges, being 0 < Ar < 1). Thus Ar could be 10% of the
diztance from the edge to the point (Ar = 0.1), 20% of the
diztance from the edge to the point (Ar = 0.2), ete.

[V( p;}|, area of the Voronoi polygon;

Ny e number of points in [V(p,)[;

[V p;, Ar)l, area of the Voronol region after reduction
of the Voronoi domain by a factor of Ar (white region in
Fig. 2},

|[Vip;.Bl| = |Vip) — |Vip;, Ar)| (shaded region in
Fig. 2},

Nyip,, ary . number of points in |[Vi{g,, Ar;

Ny p,, By, number of points in [V(p;, B)[. Then the
proportion between |V(p,)| and |[V(p,, Ar)| in a closed
Voronol polygon for every Ar iz

Vip:, Ar)| = (1 — A% |V{p.), (1}
[Vip:, B)l = [V(pdl[1-(1 — Ar)%]. (2)

Assuming a random distribution of pointz, the expected
number of points ingide the bands is related to the band-
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width; hence that number of peoints inside the bands
[Ny, ] for a determined Ar is

Nyip,. 8y = Nypgl1—(1 — Ar)?], (2

and the V proportion between the number of pointz inside
the bands and the total number of points 13 written as

Ny, 8 /Ny = 1—(1 — Ar) (4)

Thiz V proportion varies depending on Ar, as is shown in
Table 2 below. If the measured V proportion is higher
than expected, it means that there are more points inside
the bands, which suggests a negative correlation. If the
measured V proportion iz smaller than expected, it indi-
cates a positive correlation.

Voronol domains and nearest-neighbor distances were
cornputed by usze of the ineremental algorithm first de-
scribed in Ref 36, To avoid the eonsequences of edge ef-
fectz we considered only thoze polygons inside the convex
hull of the reference points. A specific program was de-
veloped in C++ and was compiled in a Linux station to
permit performance of all the statistical and graphieal
techniques. The program is available on request.®™ To
test the significanice of this measure we caleculated the V
proportion for zeveral Ar valuez. Furthermore, we alzo
used & Monte Carlo test procedure. Thiz involves gener-
ating a zet of two random and independent patterns, each
with the szame number of points as the empirieal refer-
ence and upper points, in a 2tudy area identieal to that of
the real pattern. We did thiz 100 tmes for each field,
and then the mesn and the standard deviation (3D) of the
V proportion for each Ar were calealated.

C. Computer Simulations

To simulate a negative correlation process, random x- and
y-coordinste values were generated independently for ev-
ery reference and upper point by uze of a Stravss-type
simple inhibition process?®? Distributions were ran-
domly generated by positioning of one cell at a time in the
sampling field (identical to that of the empirieal pattern)
and by determination of ite distance to its clozest neigh-
bor. Whenever the cell’s nearest-neighbor distance was
smaller than the value of the effective radins, which was
determined by uze of the density recovery profile on the
real sample?” the cell was eliminated. The minimum
distance allowed between reference and upper points was
given by the effective radins of the cross correlogram of
the real sample ™ This process was continued until
the simulated distribution reached the same cell density
as that of the real mosaies. To test the statistical signifi-
cance of thiz model’s fit of the data, we used the refined
nearest-neighbor analysie 323749 (See Table 1 and Fig.
3.)

3. RESULTS

A. Histology and General Topography

Application of JH455 antibody results in consistent and
intenze labeling of outer segments in a minor population
of cones i mammalian retinas. In the cheetah, S-cone
proportiong varied from 8% to 15%, with a maximum of
~7000/mm? in the temporal retina and ~1000/mm? in the
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Fig. 3. Nearest-neighbor ansalysis of cheetah [{a). (b}l and mandrill [ec)—(el]l cell mosaicz (see Table 1 for data). (a) Cheetah A-HC'z
(Ch AHC) zhow a near-Gaussian (regular) histogram._ (b) The histogram of cheetah S cones (Ch SC} is close to a Rayleigh distribution,
while (¢} mandrill L and M cones (M LC) and (d) mandrill S cones (M SC) have regular patterns. (2} Sample of peripheral cone mosaie

from mandrill retina (black, 5 cones; gray, putative L and M cones).

far periphery. At any location the mosaiec of S cones ap-
peared irregular [Fig. 3(b)], leading to loeal clustering as
well as to major areas lacking labeled S cones (Fig. 1)
This 15 in contrast to samples of L and M cones [Fig. 3ic]]
and of 5 conez [Fig. 3(d)] in the peripheral retina of the
mandrill, which—at different secales—have regular
(Gaussian) intercone distributions. Loeal mosaie proper-
tiez of lynx and leopard retinas were qualitatively similar
to the findings in the chestah retina.  The following data
refer to zamples from cheetah retinas unless otherwise
noted.

Oecazionally, complete cones were labeled, allowing
identifieation of pedicles linking to first-order interneu-
rons [Fig. 4(b)]. In addition to the S-cone population, a
plexus of cells having the typiesl characteristies of felid
A-HC's* was labeled. When judged from the position of
their cell bodies, the A-HC's are regularly spaced [Fig
3all, except for a few oceasions in which single cella ap-
pear to be missing within the plexus. In contrast to the
smooth conecentric DF'z of short-axon HC's, the DF outline

Seale bar, 50 um.

of A-HC's iz often polygonal or extremely elongated. A
few major dendrites originate at irregular angles (Fig. 1)
from the cell bodies, which are often ill defined and situ-
ated between their broad bases. Thus the spatial tiling
derived from the cell bodies often represents a more rega-
lar pattern than iz found in the patterns at the level of
their eccentrie dendrites. Labeling of A-HC elements
wag most intense and extenzive cloze to the ora serrata.
It remained visible acroas approxmmately two thirds of the
retina but faded toward the central areas, presumably be-
cause the reagents did not diffuze completely where the
retina iz thicker.

Orverlays of mapped cones [Fig. 1] onto the HC plexuns
allow direct inspection of possible spatial interactions.
Sometimes clustering of cones iz aszociated with sites in
which only peripheral dendrites of A-HC's overlap (Fig.
4). Conversely, in areas above A-HC bodiez and primary
dendrites, few or no 3 cones are situated at the photore-
ceptor level (Fig. 1, asterisk), but these cbservations re-
guire zpecific statistical analysia.
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B. Statistical Analysis of S-Cone A-HC Mosaic
Interactions
Aszsignment of individual S cones to HC's dendnites is
hardly possible solely by comparison of the overlays.
Nonetheless, it may be assumed that unspecific connec-
tions to underlying mosaies will result, on average, in ei-
ther regular or random distribution. Specific interac-
tions, however, may be revealed by cross-correlation
procedures.

In a first run we mapped the major part of a meridian
in 18 overlapping samples and applied cireular density re-
covery procedures. Although our results showed the

Ao RS

Fig. 4 Leopard retina: JH455 labeling. (a) Composite of fo-
cused portions at the level of the inner outer segment. Two clus-
ters of S cones are numbered (1-5, 6-9). (b) Same location at
the level of the outer plexiform layer. Labeled pedicles of S
cones are located above overlapping dendrites from two HC's
(AHC’s). A third HC is located beyond the lower right-hand cor-
ner. Peroxidase reaction also labels erythrocytes in two capil-
laries (cap).
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‘Fig. 5. Lynxretina: circular domains versus Voronoi domains.

Comparison of actual A-HC branching with overlays, indicating
that only in some cases are circular samplings {solid white circle)
adequate approximations. Voronoi domains {polygonal grid)
generally provide more-adequate spatial approximations of DF's
than do circles {dashed white circle}. However, since the
Voronoi procedure is based solely on the locations of cell bodies
and does not produce concave corners, it may also fail for cells
with extreme (bipolar or angular) dendritic domains (white poly-
gonk

presence of a minimum above A-HC centers, we found
that this eross-correlation method is not well suited for
noneircular fields. The shape of Voronoi domains is de-
rived from individual intercell distances and therefore
may represent a better representation of DF's. Thus we
designed a two-step tessellation procedure to produce
such polygonal reference areas instead (Figs. 2 and 5, 6).

C. Triple-Labeling Analysis

Fluorescein isothiocyanate labeling of L-cone outer seg-
ments with JH492 reveals the population of cones [fluo-
rescent: white spots in Fig. 6(a)], in addition to JH455—
DAB-labeled S cones (black spots) and A-HC's [Fig. 6(b)].
Thiz allows one to plot comparative cross-correlation
analysiz for both cone subpopulations. As is evident
from the mappings [Fig. 6(c)], L-cone positions are regu-
larly spaced. Their density does not change significantly
between positions above A-HC bodies versus the bands
above peripheral dendrites [Fig. 7(a)]. S cones [DAB la-
beled: black spots in Fig. 6(d)], however, aggregate above
eccentrie areas [Fig. 6(d)], resulting in significant over-
representation in Voronoi bands [Fig. 7(b), see Table 2].
Maximum dewviation (~6.5%) occurs at bandwidths of
30%, which covers —50% of all the Voronoi areas.
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Fig. 6. Cheetzh retina: double labeling with JH455 (S cones) and JH492 (L cones). (a) Minor populatien of S cones visualized with
DAB (black spots) is interspersed between fluorescent outer segments of L cones visualized with fluorescein isothiocyanate {white spots).
(b} Plane of labeled A-HC's with overlay of mapped cones. (¢) Voronoi analysis of L-cone mosaie. Local L-cone density is not influenced
by the underlying A-type HC organization. (d) Voronei analysis of S-cone mosaic. 8 cones are preferentially located in and near the
Voronoi bands. Solid lines connecting filled points in (¢} and (d} demarcate measurement area (convex hull}.

Table 2. Expected and Actual Percentages of L and S Cones in A-HC Voronoi Bands

of Inereasing Thickness®
Percentage of L Cones in Band Percentage of S Cones in Band
Bandwidth Simulation Bandwidth Simulation
(%) (%) L cones (%) (%) S cones
10 17.90 = 1.79 18.96 10 1815 = 195 20.86
20 34.10 = 2.16 35.87 20 3409 = 257 38.74
30 4855 = 2.21 50.26 30 4860 = 2.60 55.30
40 6165 = 201 63.13 40 6149 = 262 64.24
50 7273 =219 73.34 50 7249 = 252 74.83

*See Fig. 7.
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Fig. 7. Cones expected from szimulation and cones actually
found inside A-HC Voroned bands from cheetah retina.  (a) Plots
of L cones and simulationz. The filled circles show the results
(mean = 5D of 100 simulated random fields with the same num-
ber of L cones locared in a study area identical to that of the real
pattern. The relative proportions of L cones do not differ from
thoze derived from the simulation at any bandwidth (10-50%).
(b} Plot of & cones (open circles).  Although the S-cone mosaic iz
cloze to random arrangement, it shows consistent and significant
(P = 0.01) overrepresentation in bands including 10-50% of the
Voronoi domain. Maximum deviation iz at 30% bandwidth,

equivalent to ~50% portions of the Voronoi areas (Table 2).

g
b

4. DISCUSSION

The findingzs of the present study support the view that
the seemingly random mosaic of S cones is in fact biased
in relation to an underlying matrix of attractors or repel-
lers coincident with the A-HC dendrites and cell bodies.
The reason for the colabeling of A-HC's by the anti-5-
opsin antibody JH455 13 2till unelear. Labeling did not
oceur in the domestic cat (two trials; see also Ref. 43) and
has not yet been observed in retinas of other apecies.
This may imply that the phenomenon iz hmited to & few
speciez or that it 12 related to our specimen acguisition
procedures, which allow, for example, for better transreti-
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nal diffusion of antibodies. It could also be that we were
labeling nonphotoreceptoral opeins®48 or that felid HC's
share some transcriptional segments with 8 cones, such
as has recently been reported for bipolar cells in mice %7
In any case, the double labeling of all 2 cones and major
portions of the A-HC plexus allowed us to analyze the in-
teraction of the two mosaics by erozs correlation.

A. Regular versus Irregular S-Cone Mosaics

It seems that, among mammals, regular mosaics of S
cones are present only in some species with partially or
totally cone-dominant retinas such as dinrnal 0ld World
primates, Scandentia (Tupaia) and Seiurids. These
groups are likely to have evolved independently from noe-
turnal or erepuscular aneestors. Thus a regular S-cone
mosaic may provide a particnlar advantage for diurnal
tarboreal) habitats. The existence and the nature of such
a potential benefit remain obseure and seem dizpensable
for most mammals, ineluding other primates (see Subsec-
tion 1.A above).

B. Connectivity Patterns for Irregular 5-Cone Mosaics
It 1% immportant to emphasize that the methodology of the
prezent study shows statistieal correlation but does not
provide direct evidence for related connectivity patterns
of S-cone moszaies and of A-HC's. Detailed reconstrue-
tionz of synaptic cireuitry at the cone-HC interface and
intracellular labeling of HC s, combined with S-cone label-
ing, are necessary to clarify the chromatie microtopogra-
plyy. Talong into consideration this important restrie-
tion, we may dizcuss implieations rendered possible by
this spatial mteraction.

In primates the S-cone and the blue-bipolar mosaies
appear to adapt to each other in both regular”™ and
irregular®® patterns. For equids, an A-HC connecting
specifically to 3 cones has been deseribed ? and a similar
HC type seems to be present in a marsupial*® Both
theze examples suggest that, in spite of the apparent ir-
regularity of S-cone mozaies, specific connection patterns
and even cell types may exist by means of adaptive den-
dritic branching of interneurons 59

Comparing A-HC intercell distances with DF dimen-
sions in the cat® and the rabbit®® implies that each reti-
nal location may be covered by dendrites of at least three
to four A-HC's. This implies that for (3) cones no specific
spatial arrangement should be necessary to establish
A-HC contacts. Still, for felid retinas, the present study
demonstrates partial decomposzition of the cone zubtypes
above A-HC DF's (Figs. 1, 6, and T). The overall inerease
of the percentage of S cones in the peripheral bands of
A-HC Voronoi domains [Fig. 6(b) and Table 2] verzus the
portions around the cell bodies iz significant but may not
seem substantial for functionsl conszequences. Several
factors, such asz specific synaptic affinity and position
within the DF's, may magnify the effect, az has been
shown for primate HC%s 2

For rabbit HC's, a recent study”' based on combining
opein antibody labeling with intracellular single-cell la-
beling (Procion Yellow) suggests that A-HC's connect to
both L- and S-cone types. In princple. thiz statement
does not interfere with the possibility, zet forth here, of
spatial segregation. Indeed, the figures prezented in this
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paper suggest that a similar correlation of S cones and
A-HC's may prevail in the dorsal retina (in the rabhbat,
chromatic interactions seem regionally restricted® owing
to the dorsoventral gradient of photopigment coexpre-
sioni). In addition, an electron microzcopie reconstruction
of a rabbit A-HC® shows connections to the majority of
overlying pedicles. It was noted, however, that a few
pedicles in the center of the DF were found to lack invagi-
nating dendrites from this cell®® In aceordance with the
implications of the present study, it seems possible that
thoze pedicles are S-cone pedicles avoided by the recon-
structed cell and that they are possibly connected to over-
lapping peripheral dendrites of neighboring A-HC's.

C. Functional Implications

The spatial anticlustering of S cones above A-HC's may
have consequences for postreceptoral pathways, provided
that there are related connectivity patterns. In this ease
the periphery of A-HC dendrites and as=ociated bipolars
would receive mixed input from both S5 and L cones,
whereas around the soma primary dendrites and bipolars
may connect mainly to L conez. The resolution of thiz
chromatic landseape may be coarse but could suffice for
the requirements of S-cone-related channels (lower zpa-
tial and temporal resolution). Whether this will actually
lead to local inhomogeneities with respect to spatial grain
and senaitivity will depend on the gquality of the image it-
self and on the actual preservation or integration of posi-
tional information in the subsequent pathways.

D. Developmental Aspects
The ontogenetic events leading to such correlated mozaic
patterns are still not clear. In primates™ and rats® a set
of cones—possibly with S-opsin expression—may precede
further differentiation. Should relatively fixed S-cone
positions be implemented first, establishing eonnectivity
sites would require increased fexibility from elements in
the underlying mosaies, such as blue bipolars 1329

Alao, S-opsin expreszion in a first set of cones might be
influenced by establishment of primary connections with
dendrites of postmitotic HC's.  After further growth of
the dendrites, as well as of the overall retina, these posi-
tions might end up being displaced from the HC body,
while other cones might follow a default (green) course of
expression or might be transdiferentiated 3

Such interaction could be driven by spatially restricted
inhibitory factors in A-HC's during differentistion. In
thas sense, i1t 13 notable that different 1soforms of glutamic
acid decarboxylase (GAD), the enzyme that synthesizes
y-aminubutyrie acid, have spatially distinet exprezsion in
rabbit HC's.*®  GADBT iz expressed throughout the
A-HC's and short-axon HC's, while GADS5 iz restricted to
A-HC =zomata and primary dendrites.

5. CONCLUSION

We have examined examples of the seemingly random or-
ganization of S cones that appears to be prevalent in moat
mammalz.  In the retinas of three felid speciez additional
labeling of axonless horizontal cells (A-CH'=) has enabled
us to test whether the arrangement of these cells exerts a
positional influence on the cone submosaies.
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By the introduction of concentric Voronoi domains de-
rived from A-HC nueclei positions as locally adaptive ele-
mentg for eross correlation, a concentrical gradient was
revealed above A-HC dendritic fields for 3 but not for L
cones. Detailed struetural, developmental, and phyai-
ological analyses are neceszary to eclarify whether this
spatial correlation also manifests itself in complementary
patterns of chromatic connectivity. At present, a gap be-
tween knowledge and synthetic concepts exists, particu-
larly for the retinal mosaics of mammals other than pri-
matez.  Dizcovering further details of the cone-HC
interfaces in these and other species will help us to
achieve a more unified view of mammalian photoreceptor
circuitry.
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ABSTRACT

The visual system plays a predominant role in the human perception. Although all components of the eve
are important to perceive visual information, the retina iz a fundamental part of the visual system. In this
work we study the sparial relations between neuronal mosaics in the rerina. These relations have shown
its importance to investigate possible constraints or connectivities between different spatially colocalized
popularions of neurons, and to explain how visual information spreads along the layers before being sent
to the brain. We introduce the V-Proportion, 2 method based on the Voronoi diagram to study possible
cparial interactions between two neuronal mosaics. Results in simulations as well as in real dara
demonstrate the effectiveness of this method to detect spatial relations between neurons in different

Voronoi diagram
Spatizl relations
Meurnnal mosaics
Retinz

lavers.

1. Introduction

In the last decades, the development of technological advances
has been largely inspired by nature and specially by biclogical
systems. This is even more relevant in the fields of artificial
intellizence and cognition, where computer scientists are often
looking for models that mimic the characteristics of perception and
information processing performed by the human brain and by the
different sensory systems attached to it.

One of the most important sensory systems in humans is the
visual system. In the human brain, 30% of the sensory neurons
belong to this system [1]. This fact corroborates the predominant
role of the visual sense in the human perception. Although all
components of the eye are important to perceive visual informa-
tion, the retina is a fundamental part of the visual system. The
retina is basically a piece of brain rissue thar gets direct stimula-
tions from the outside world's lights and images [2]. A relatively
easy access to the retina, together with the possibilicy of studying
the information processing in an intact portion of the nervous

® Corresponding author. Tel:: +34 97 676 2472: fax: +34976 761 314.
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doi:10.1016/j.neucom. 2010.07.020
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system make this parr of the eye a unique model o study the
nervous system in general [3] and the visual system in particular
[4].

There exist several attempts to develop bio-inspired artificial
retinas with the purpose of replacing or partially recovering
damaged functionalities in perception [5,6]. Moreover, retinal-
inspired models have been used to improve the vision system in
rabots [7,8]. However, the complete information process inside the
retina is not fully understoed yet. A central challenge is therefore to
understand how the retina is designed o solve the image
processing task

The retina is organized into layers formed by many local
neuronal circuits which work in parallel with each other to asses
the different aspects of an image. In each layer, neurons of the same
type are spatially distributed into regular or irregular patterns
known as rerinal mosaics. The neurons often have dendrites that
extend in a competitive manner reducing the overlap of their
dendritic fields and resulting in a tessellation across the retina
[9,10]. As a result, an assembly of efficiently connected functional
circuits between the mosaics of different neuronal subtypes is
created. The study of the sparial relations between these mosaics is
highly relevant to understand how the visual information spreads
along the different layers, and how it is finally processed before
being sent to the brain.

The study of the spatial relations between neural populations
has also shown its importance to investigate possible constrains or
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connectivities between different cell types. A positive spartial
dependency between two different populations of neurons may
be an indicator of some connection patterns between them
[11-14]. The spadal information is mereover helpful to study
dependencies during development [15].

This paper introduces a method to study spatial relations
between two neuronal mosaics in the retina. The key idea of this
work is to calculate the Voronoi dizgram in one of the populations,
and then study the distribution of neurcns from the second
population inside the polygons of the diagram. Using polygonal
areas around neuronal cells is a realistic approximation, since
neurons present different irregularities in their structure [16].

The remaining part of the paper is organized as follows. After
introducing some related work in Section 2, we describe the
Voronoi diagram in Section 3. The V-Proportion measurement is
presented in Section 4. We validare this method with simulaced
populations in Section 5. Several real neuronal mosaics from the
retina are analyzed in Section 6. Finally, we conclude in Section 7.

2. Related work

Different methods to study spatial relations between two cell
populations have been proposed in the past An extension of the
density recovery profile (DRF) [17] for twe populations is used in
the work by Kouyama and Marshak [18] to study interdependences
between two types of S-cone cells. This extension is called cross-
correlational density recovery profile (cDRP). Opposite to the
conventional DRF, which is based on autocorrelations of the
same population, the cDRP uses one of the popularions as reference
and calculates the correlation of the second population.

The different DRP methods are based on circular domains
around the reference cells. In contrast to this technique, the V-
Proportion measurement is based on polygonal domains around
the cells, which generally provide more adequate spatial approx-
imarions of dendritic fields than circles [14]. However, since our
Voronoi procedure is based solely on the locations of cell bodies and
does not produce concave corners, it may also fail for cells with
extreme dendritic domains.

Another measurement used to study spatial dependencies is the
K-funcrion [18], which uses second order analysis of stationary
point processes. The K-function is used by Digzle [20] to analyze the
spatial relation berween on- and off-cells in the retina. A multi-
variate counterpart of the J-function [21] is introduced by Lieshout
and Baddeley [22] to study possible interdependences between
two population of points. The authors applied this metric to study
spatial dependencies of beta cells in the cat retina [22].

K-nearest neighbor histograms have been also applied to study
possible spatial correlations between neuronal mosaics. For exam-
ple, Wassleetal. [23] apply this method to study Beta cells in the cat
retina.

In the work by Diggle et al. [24], the authors use Monte Carlo
methods for conducting likelihood-based analysis of point process
models in neuronal data. In particular, they fit a bivariate pairwise
interaction model in peoint data corresponding to retinal
amacrine cells.

In the previous methods, only the coordinates of the center of
the cells are used. Our V-Proportion method, however, applies a
domain around the reference cells wo study possible spatial
relarions berween the different populations. This domains adapt
better to the dendritic fizlds of neurons.

Finally, Ahneltetal. [14] apply a first version of the V-Froportion
to analyze interactions between irregular S-cone mosaics and
axonless horizontal cells. In comparison to [14], this paper presents
several improvements. First, we solve the edze problem by iznoring
pointslying on open Voronoi polyzons. This approximation reduces
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the number of points used in the staristics, however, itincreases the
confidence of the final results. Second, in this paper we introduce a
method to determine the level of spatial correlation between two
populations. In addition, we apply the V-Proportion to real
populations whose possible sparial correlations have not been
studied before.

3. The Voronoi diagram

The Voronoi diagram is one of the most useful geomerrical
constructions to study point patterns, since it provides all the
information needed to study proximity relations between points
[25].

A Voronoi diagram can be defined as follows. Let 5={51,53,...,54}
be a limited set of points in the two-dimensional Euclidean plane.
These points are alse called Voronoi sites. Now each site s is
assigned the rest of points in the plane p£S which are nearest to it

Visy) = {pldip.s:) < dip.sih: pes, ¥s; = 5. {1)

with d{_,.) representing the Euclidean distance funcrion.

This process creates a tessellation of the plane into {sometimes
unbounded) convex polytopes, also called Voronoi polygons. Let
Vi 5,) be the Voronoi polygen corresponding to the site 5, then all the
points inside this polvgon are at least as close to 5; as to any other
site 5,

The edges of the Voronoi polyzons form the Voronoi diasram
V[ 5) ef the sites 5. Mote that a point lying on one edze of the Veronoi
diagram has two nearest neighbors sites, and each vertex has at
least three. An example of a Voronei diagram is shown in Fig. 1.

4. The V-Proportion measurement

The main idea of this work is to study spatial interdependences
berween two neuronal populations. Each neuron is represented by
a point in the two-dimensional Euclidean plane. Usually these
points correspond to the cell bodies of the neurons.

Our merhod consists of two main steps. In the first one, we select
a population as the set of sites from which we calculate the Voronoi
diagram. This diagram is extended with a set of bands around the
edges of the Voronoi polygons. In the second step, the remaining
population is superimposed on the Voreonoi diagram and a set of
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Fig. 1. Fartof a Voronod diagram [black lines) for 2 set of sites {Glled circles). Bands
arvund the edges of the Voroned diagram are shown in grey. In this particular case
4 =029, indicating the 2% of the distance d between 2 Voronod edge and its ¢lozest
site 5. The P population s shown in open circles.
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statistics are calculated, which represent the spatial relations
between both populations.

First, the Voronoi diagram of the sites 5 is calculared using the
criterion in (1). After obraining the Voronoi diagram we establish a
set of bands arcund the edges of the resulting Voronoei polyzons.
These bands are shown as grey areas in Fig. 1. The width of each
band is not fixed but is proportional to the distance between a given
edze and irs closest site. This proportion is represented by the
parameter & with 0 < 8 = 1. We then superimpose the set of points
P, which corresponds to the second population of cells, on the
extended Voronoi diagram containing the bands.

The basic idea behind this confizuration is the following. If both
populations 5 and P are spatially independent, then the occurrence
of a site point should not alter the probability of the occurrence of P
points, and the average density of F points should be the same
inside and outside the bands. However, it could happen that P
points show either a positive or negative spatial correlation with
the sites. If the sites inhibit the P points, then the latter will appear
near the edges of the Voronoi diagram, and the number of F points
inside the bands will be significantly hizher than expected. On the
contrary, when the number of P points inside the band is decreased,
it will mean that the sites are positively correlated to them.

Using the previous concepts, we define the V-Proportion value
as the relation between the number of points inside the bands and
the total number of points

|Pg|

V — Proportion = —=-, 2}
3 Pl

with the set P = P defined as
Pg = (p; = Pldip;.e;) = 6 - disg.e). if py= Visy), (E3]

where g is the nearest Vs;) edge to the point py. The set Pg thus
represents the subser of P poines lying inside the bands of the
extended Voronoi diagzram. The WV-Proportion wvalue varies
depending on the width of the bands, which is indicated by the
parameter d.

The interpretation of the V-Proportion measurement is as
follows. If the V-Proportion is hizher than expected, that would
suggest a negative correlation berween § and P. On the contrary, if
the measured V-Proportion is smaller than expected, that would
indicate a positive correlation.

An example of this process is shown in Fig. 1. This fizure shows
owo populations of points representing two different types of cells.
Each cell is represented by the 2D coordinares of its center. The
point population depicted in filled circles is used as sites for the
Voronoi diagram. The resulting edges of the Voronoi diagram are
shown in black lines. Following the previous approach, the edges
were extended with bands whose sizes are dependent on the
distance of each edge in the direction to its closest site {grey bands ).
In this particular case § =029, indicating that the band width is
29% of the distance d to its closest site 5;. In a next step, the second
point population P {marked as open circles) was superimposed to
the obtained geometrical construction.

To test the significance of the V-Proportion, we use a Monte
Carlo test procedure. This invelves generating a set of two random
and independent patterns, each with the same number of points as
the two empirical populations 5 and P, and in a study area identical
to thar of these patterns. We repeat the generation T times for
different values of 4, and then the mean and the standard deviation
of each simulared V-Proportion are calculated. The resulting plotis
compared with the V-Proportion obrained with the tworeal Sand P
populations. Whenever the real V-Proportion raises above the
random equivalent simulation, then we can assume a negative
interaction between populations, that is, 5 inhibits P. If the real
V-Proportion is below the simulated one, then a clustering process
occurs in which § points attract P points. If the real V-Proportion is

Fig. 2. Voronoi diagram (black lines) for 2 set of sites (flled direles). The polygons
close to the borders of the sampling vandow remsin open since there are no
neighbornng points in those directions.

close to the simulated one, we cannot assume any significant
spatial interaction between the two populations.

Finally, an important problem when working with point popu-
lations is the edge effect. Typically, the observarion of the two point
patrerns is restricted to a regular sampling window, while usually
the patterns extend beyond it Furthermore, the Voronei polyzons
on the boundary of the window are open because they have no
neizhboring points in those directions as shown in Fig. 2. This edge
effect affects the sense of bands in the Voronoi polygons adjacent to
the edges. In our case, we solve this problem by removing the
Voronei polygons intersecting the edges of the sampling area {open
polygons). Similar approaches have been applied in other works
for studying cell mosaies [26,27]. Although this heuristic reduces
the total number of points used for the study, we think the resules
represent the spatizl relations in a more reliable manner.

5. Validation of the V-Proportion measurement

In this section we present a validation of the proposed
V-Proportion measurement. We analyze several pairs of simulated
populations following different spatial relations. In particular, we
simulate pairs of populations showing a positive correlation, a
negative correlarion, and neither positive nor negative correlation.
We then calculate the V-Proportion for each of the simulated pairof
populations. The results indicate that we can clearly detect the
three previous behaviors using the V-Proportion measurement. We
finally present some guidelines to determine the level of positive/
negative correlation using the V-Proportion plot

5.1. Derection of a positive correlation

The first behavior we want to detect is a positive correlation
between two point populations. A positive correlation means that
the pointsinone population tend to form clusters around the points
of the other population. To simulate this behavior we apply the
Poisson cluster process introduced in [28,29]. We first generate the
site points following a bi-dimensional Poisson process. For each
site, a set of offspring points is generated (P population). The
positions of the offspring points relative to their corresponding
sites are independent and identically distributed according to a bi-
dimensional normal distribution. More details on the implementa-
tion can be found in [30].
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Mants Carlo Simulations
12 Simulatad Clustering .

V-Proportion
=1
@

] 0.2 0.4 0.6 0.8 1
&
Fig 3. [a} APoisson cluster with o2 = 25 in pixel units. The area of the original image
15300 = 300 pixels. Sites are shown as Alled areles, wherezs Ppoines are depicted as

open circles. (b] Flot of the V-Proportion with error bars deawn at the 35% confidence
interval. The clustering 1s clearly detected by the V-Proporton.

Different pairs of populations were generated following this
approach. All pairs contained the same number of sites and P
points: 50 and 300, respectively. The populations were contained in
an image area of 300 x 300 pixels. For each pair of populations, a
different variance s was used for the bi-dimensional normal
distribution of the offspring points. Example simulations together
with their corresponding V-Proportion plots are shown in Figs. 3
and 4 The clusters in Fiz. 3{a) were simulated with a variance of
a2 =25 [in pixel units). In this case the clustering was detected
within a confidence interval of 95% (Fig. 3(b)}. The clusters in
Fiz. 4{a) have a variance of ¢% = 100. This clustering was srill
detected within 2 confidence interval of 95% using the V-Proportion
measurement (Fig. 4{bJ).

5.2. Detection of a negative correlation

The second behavior we want to detect is a negative correlation
between two point populations. A negative correlation means that
points from one population tend to be far away from the points in
the other population. A& way to simulate this kind of behavior
consists of generating offspring points that cannot be closer to any
site point less than a certain distance. To generate pairs of
populations with negative correlations we followed the method
presented in [31]. This approach generates a site population in
which the sites are separated each other by a certain distance.
A second population is generated whose points are not allowed to
be closer to a site point by a distance smaller than a certain
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Fig 4 (&) A Poisson cluster with 2% = 100 in pixel units. The area of the original
irmage 15 300 « 300 pixels. Siees are shown as Blled eireles, whereas P points are
depicted as open cireles. (b) Plot of the V-Proportion with error bars deawn at the
35% confidence interval. The clustering is detected wathin a2 confidence interval
of 953

threshold. Fig S5(a) presents a pair of populations following the
previous criteria. In this case the sites (filled circles) have a
minimum distance of 60-80 pixels between them. The P points
{open circles) are zenerated with a minimum distance of 70-80
pixels to the closest site. The V-Proportion plor in Fig. 5{b) clearly
indicates a negative correlation between both populations within
the 95% confidence interval.

53 Lack of sparial correlation

The third behavior we are interested in is the lack of spatial
correlation between two populations. In our case this means that
the populations does not present neicher positive nor negative
correlation. To simulate this behavior we randomly generate two
populations in a certain area, each population following a bi-
dimensional Poisson distribution Example of such simulation can
be shown in Fig. 6{2]. In this case we generated 50 sites and 300 P
points in an image area of 300« 300 pixels. The resulting
V-Froportion plot is presented in Fig. 6{b}. The real V-Froportion
maintains inside the confidence interval of the Monte Carlo
simulated populations which indicates no sparial correlation atr all.

5.4. Determining the level of correlation

As shown in the previous experiments, the V-Proportion is able to
detect positive or negative correlations using different confidence
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Fig 5. (a) The image shows two populations with a negative carrelation. Sites are
shown in flled circles while P points are depicted 2= open circles. (b) The V-
Froportion plot suggests = negative correlation. Error bars are drawn at the 95%
confidence interval,

intervals. Once the level of confidence is ser. the V-Proportion of
the popularion to be analyzed is compared with the simulated data.
We can interpret the resulting plot is as follows. Whenever the
V-Proportion of the analyzed population lies zbove (or below) the
confidence intervals of the simulated populadon for any band width 4,
We can assume a negative (or positve] correlation

Away to measure the level of correlation is to calculare the area
between the V-Proportion curves of the real patterns and the
random simularions. Bigger areas would imply higher levels of
correlation. An example is shown in the plot of Fiz. 7(a). This plot
corresponds to the negative correlation example of Fig. 5. The area
between the real V-Proportion and the simulated one is depicted in
orey color. Alternarively, it could be interesting to concentrate on
some specific band width subinterval (Fig. 7{b]).

Using this method we can find the band width subinterval, which
is directly related to the subinterval of distances to the central body of
the neurons, that gives the best significance for the probabilicy of
containing the major part of the second population in the mosaic.

6. Experiments with real populations

In this section we analyze different pairs of neuronal mosaics in
the retina of the eye. The objective is to extract possible spatial
relations between them, and to explain their biclogical
implications.
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Fig & (a) The irmage shows two random populations. Sites are shown i Blled cireles
while P points zre depicted as apen circles. (b) Aceording to the V-Proportion plot

there is no evidence of a positive or negative correlation. Error bars are drawn at the
95% confidence interval.

The procedure for obtaining the point patterns used in Secrions
6.1, 6.2 and 6.3 are explained in their respective works [23,32.33].
For this paper we have used the point patterns supplied by the
aucheors.

In the case of the data points of Section 6.4, we manually
identified and demarcated the positions of cells on transparent
planes from appropriately labeled micrographs or focus planes of
overlying retinal layers. This process was carried out using the
image processing software Image] or Photoshop. The 2d-coordi-
nates of the points in the resulting calibrated mosaics were
identified using the Image] software. All point patterns can be
downloaded from [34].

When calculzating the confidence intervals for the Monte Carlo
simulations we chose a value of 95% since this is a standard value
used in the literature. This value is, however, a free parameter that
the user candetermine depending on the specific situation in which
the experiments are carried out

Finally, the V-Proportion is based on statistical approximations
and its results should be interpreted as the likelihood of the
existence of a spatial correlation within 2 certain confidence
interval.

£.1. On- and off-beta cells in the cat retina

We first study the sparial relations berween beta zanglion cells
in the retina of & cat (Fig. 8). Beta cells are associated with the
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Fig. 8. On-cells (Alled dreles) and off-cells [open cireles) from 2 cat's retina (23]

resclution of fine detail in the cat’s visual system. They can be
classified as on- or off-cells, depending on the branching level of
their dendritic tree in the inner plexiform layer. Analysis of the
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spatial pattern provides information on the cat's visual discrimina-
tion. In particular, independence of the on- and off-components
would strengthen the assumption that there are two separate
channels for brightness and darkness [23].

The pattern shown in Fig. 8 was investigated in [23] using
histograms of nearest-neighbor distances {ignoring edge effects ).
To test the independence of the on- and off-patterns, a random
translation of the off-component was superimposed on the on-
component, and the resulting nearest-neighbor histogram was
compared with the arizinal one by a sign reversal test. The authors
in[23] concluded that both types of beta cells form a regular latrice,
which are superimposed independently. This data was also ana-
lyzed in [22] using the J-function with a result greater than 1, which
confirmed conclusions in [23]. Our results using the V-proportion
are shown in both plots of Fig. 9. Using a confidence interval of 95%
we cannot assume any significant spatial relation between on- and
off-cells. This result is in accordance with [22,23].

6.2. Blue cones vs bipolar cells in the macague reting

The second pair of mosaics we analyze is composed of two
different types of neuronal cell populations found in the retina of
macaque monkeys: blue bipolar cells and blue cones (Fig. 10). The
mosaics used in this study were first presented in [32]. In that work,
the authors suggested that blue cones tended to be close to blue
bipolar cells and that nearly all blue bipolar cell dendrites
rerminated beneath the blue cones. The positive correlation of
blue cones and blue bipolar cells was confirmed by the same
authors in [18] using cross-correlational density recovery profile
(cDRP). The finding that the blue cones and the blue bipolar cells
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Fig 9. Flots of the V-Fropartion of the mosaics fromm Fig. 8.7a)When the on-cells are
used as sites there 13 no significant spatial relation of off-cells. (b} The lack of spatal
patterns between the two populations is even roore evident when off-cells are used
as sites. Error bars are dravwn at the 95% confidence interval.
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Fig. 10. Bipolar cells (flled creles) and blue cones (open crcles) from the Macague
retinz [33]

were closer together than expected suggests that the position of the
perikarya of these neurons were influenced by their synaptic
connections or other development interactions [18].

To analyze the mosaics from Fig. 10 we first set the bipolar cells
as sites and the blue cones as P points. We then calculated the
V-proportion following the approach presented in Section 4. As
Fig. 11{a) shows, the V-Proportion lies under the simulated one for
a band with ranging from 0.2 to 0.6, and within the 95% confidence
interval. This result suggests that blue cones tend to be close to blue
bipolar cells, and it confirms similar findings in [18]. In a second
experiment, we set the blue cones as sites and calculated the
V-Proportion of blue bipolar cells. The resulting plot in Fig. 11(b}
suggests a positive correlation in this direction as well.

6.3 Short-wavelength-sensirive cones vs blue cone bipolar cells in the
marmoset monkey

In a third experiment we analyzed the possible spatial relations
berween shorc-wavelength-sensitive (SWS) cones and blue cone
bipelar cells in the retina of 2 marmoser monkey [33]. In this
species the 5-cone mosaic has an irregular characteristic. In [33],
the authors compared the neuronal connectivity of Old World and
New World primates, concluding that there exist similarities
between them.

In this experiment we first used the blue bipolar cells as sites
and analyzed the spatial distribution of the SW5S cones. The initial
distribution of points is shown in Fig. 12. The V-Proportion of
Fig. 13(a) does not show any positive correlation within the 95%
confidence interval. However, when swapping the populations
(placing W5 as sites), the V-Proportion (Fig. 13(b)) shows a
possible positive correlation of blue cone bipolar cells with respect
to SWS cells. This last result is in accordance with the behavior of
bipolar cells in the Macaque retina shown in Section 6.2.
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and outside itz error bars for 2 band width ranging from 0.2 to 0.6. The error bars of
the Monte Carlo simulstion are drawn within the 95% confidence interval. This
sesult suggests a positive correlation betweeen blue cones and blue bipolar cells. (b
The V-Praportion plot is caleulated when the blue cones are used as sites. This plot
also suggests a positive correlation of bipelar cells with respect to blue cones.
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Fig. 12. Blus cone bipolar cells (flled dreles’ and 5WS cones {open cireles) from a
marmoset’s retina [33].

6.4, 5-cone positions vs irregular positions among the otherwise
hexagonal latrice of M- and L-cones in a rhesus macague fovea

The foveas of human and primate retinas provide maximum
acuity by having highly condensed cone mosaics. Such mosaics had
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Fig. 14 Subpepulation with irregular rmosaie positions [ £ 6% neighbors) armong the
otherwise hexaponal lattice of the dorminant M/L-cones [open eircles| and positions
of 5-Cones [Glled circles) in a rhesus macaque fovez [35].

been previously analyzed with respect to latrice regularity [35-37]
but there had been no approach to quantitatively study a possible
relationship between S-cone positions and non-hexagonal defects
of the MjL-cone lattice. In this last experiment we wanted to
analyze the spartial relationships of S-cones with a specific feature
of foveal microarchirecture.

The analyzed mosaic consists of a minor short wavelength
sensitive S-cone and a dominant medium and long wavelength
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the 35% eonfidence interval.

M/L-sensitive cone subpopulation as shown in Fig. 14. Overall, the
foveal mosaic is a highly rezular nearly crystalline lattice with
predominant 1:6 [hexagonal) neighborship relations. However,
previous detailed packing analyses [35-37] have revealed lattice
discontinuities represented by cone posidons with <6 cone
neizhbors subdividing the hexazonal mosaic in patchy. In a rhesus
monkey foveal mosaic with labeled S-cones these positions with
irregular number of neighbors have been identified in a previous
study [35]. The current approach now allows us to evaluate the
S-cone positions in relation to these mosaic distortions.

As revealed in the plot of Fig. 15(b) the foveal S-cones tend to be
negatively correlated with the irregular positions suggesting that
their location is prevalently associated with an undisturbed mosaic
zane. This finding has interesting implications for understanding
the processes underlying the developmental condensarion of this
mosaic.

7. Conclusion

This paper presented a method based on the Voronoei diagram to
study possible spatial interactions between two cell mosaics. The
new measurement, called V-Proportion, is able to detect different
types of spatial interdependencies such as positive correlations,
negative correlations, as well as lack of correlations. Additionally,
the V-Proportion is calculated in a way that a confidence interval
can be artached to the resulting behavior eventually revealing the
significant range along the relative band widchs. Results from
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simulations as well as in real data sets demonstrate the effective-
ness of the V-Proportion method to detect spatial relations
berween subpopulations of neurons or other {biclogical) entities.
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Abstract. In this paper the ceding capabilities of individual retinal ganglion
cells are compared with respect to the coding capabilities of small population of
cells using different newral networks. This approach allows not only the
identification of the most discriminating cells, but also detection of the
parameters thal are more important for the discrimination task. Qur results show
that the spike raie together with the exact timing of the first spike at light-ON
were the most important parameters for encoding stimulus features.
Furthermore we found that whereas single ganglion cells are poor classifiers of
visual stimuli, a population of only 15 cells can distinguish stimulus color and
intensity reasonable well. This demonstrates that visual information is coded as
the overall set of activity levels across neurons rather than by single cells.

1. Introduction

Our perception of the world, our sensations about light, color, music, speech, taste,
smell are coded in raw data by the peripheral sensory systems, and sent, by the
corresponding nerves, to the brain where this code is interpreted and colored with
emotions. The raw or binary sensory data consists of sequences of identical voltage
peaks, called action potentials. Seeing implies the decoding the patterns of spike trains
that are sent to the brain, via the optic nerve, by the visual transduction element, the
retina. Thus, the external world object features, as size, color, intensity... are
transformed by the retina into a myriad of parallel spikes sequences, which must
describe with precision and robustness all the characteristics perceived.
Understanding this population code is, nowadays, a basic question for visual science.

Understanding the code means quantifying the amount of information each cell
carries, and studying the possible parameters that are used by the cells for transmitting
the data. The system has to assign meaning to this population code. Thus for a given
pattern of action potentials, the brain has to estimate the stimulus that has produced it.
The encoding has to be unequivocal and fast in order to ensure object recognition for
any single stimulus presentation.
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A considerable number of studies have focused on single ganglion cell responses
[1][2]. Traditionally, the spiking rate, or even the spontaneous firing rate has been
used as information carrier due to their close correlation with the stimulus intensity in
all sensory systems [3] [4], however single neurons produce only a few spikes in
response to different presentations and they must code a huge spectrum in their
firings. The exact temporal sequence of action potentials in only one cell may also
code the main stimulus features as it occurs in other systems (e.g. auditory coding [5])
however the response of a single cell to repetitions of the same stimuli often has a
considerable variability for different presentations and cannot unequivocally describe
the stimulus. Furthermore the timing sequence differs not only in the time events but
also in the number of spikes, producing uncertainty in the decoding. Finally the same
sequence of neural events may be obtained by different stimulus, introducing
ambiguity in the neural response. So, it is a complex task to “understand” the neural
coding just by analizing a single ganglion cell response.

New recording techniques and the emergence of new electrode array technologies,
allow simultaneous recordings from populations of neuronal cells. However there are
still many difficulties associated with collecting and analyzing activity from many
individual cells simultaneously. FitzHugh [6] proposed a statistical analyzer that
applied to the neural data estimates the characteristics of the stimulus. Different
approaches have been used on the construction of such a decoder, including
information theory [7], linear filters [8], discriminant analysis [9]...etc.

In this paper we used two different artificial neural networks, one trained by back-
propagation and other implemented with auto-organizing maps to estimate how an
ensemble of retinal ganglion cells can encode the characteristics of the light incident
at the retina. Our results show that artificial neuronal networks are useful tools for
analyzing multineuronal recordings and that visual information is coded as the overall
set of activity levels across neurons rather than by single cells.

2. Methods

Experiments were performed on isolated turtle (Trachemy scripta elegans) retinas.
Retina isolation has been described in detail before [9]. Briefly the turtle was
sacrificed by decapitation conforming to ECC rules. The eye was then enucleated and
hemisected under dim illumination, and the retina was removed under bubbled Ringer
solution taking care to keep intact the photoreceptor outer segments. Then the retina
was placed flat onto a beam splitter with the photoreceptor side facing down (Figure

1).

Light stimuli were produced from a tungsten lamp. Flashes with a duration of 0.2
seconds, followed by a 0.24 second period of darkness, were used as typical stimuli.
Wavelength selection (400, 450, 488, 514, 546, 577, 600, 633 and 694 nm) was
achieved with narrow band filters, and intensities were controlled with neutral density
filters. Different spot sizes (ranging from 0.195 to 2.6 mm) were also used through
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this study in order to learn how well recordings from a metwork of ganglion cells
could be used to predict the shape, color and intensity of the visual stimulus. Each set
of stimuli was presented 7 times. Responses were amplified with a differential
amplifier and stored in a Pentium based computer. A custom analysis program
sampled the incoming data at 20 kHz, plotted the waveforms on the screen, and stored
the record for later analysis.

Ringer @
Solution
Computer

rsrzrisssizzp Retina

----- -l |ight

Fig 1. Recording method

Extracellular multielectrode recordings were performed using the Utah
microelectrode array (UEA). It consists in an array of 100 isolated, 1.5 mm long
silicon needles with platinized tips. Electrodes are arranged in a regular square
pattern, spaced at 400 microns from each other. In each experiment we recorded
neural activity from about 80-90 electrodes. We selected the electrodes with the
highest signal to noise ratio and isolated 1 to 2 units from the multiunit responses by
setting the thresholds to high levels [9]. For each electrode and presentation, the time
of the first and second spike, the number of spikes, and the interspike interval during
light-ON were stored for further analysis. Figure 2 shows an example of
simultaneously recorded responses from 15 electrodes to 8 consecutive flashes of 546
nm, 2.6 mm diameter.
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3. Analysis

In this study we selected the signals from those electrodes that had the highest signal
to noise ratios. In general, multi-unit signals were obtained from most of the
electrodes and often single unit separation was difficult so that we selected those 13-
15 prototypes which were unequivocal in terms of both amplitude and shape. For each
electrode, a 4-vector element was constructed using the number of spikes, the relative
time of the first and second spike, and the interspike interval of these firings. A 60-
element vector (4 variables x 15 cells) was used as the input matrix to our different
neural network approaches.

Two different neural networks were used. The first one was a three laver
backpropagation [ 0], with 20 nodes in the hidden [ayer. The output layer consisted of
the same number of neurons as the classes to be recognized. Using this architecture,
each neuron on the output layer only fires for a certain stimulus, and the rest of the
neurons of the output layer have no activation (winner take all network). The
activation function used for all neurons, including the output layer was the hyperbolic
tangent sigmoid transfer function given by:

2
J)=_ -l (1)
l+e

using as initial momentum and adaptive learning rate the values established by default
by the Matlab Neural Network Toolbox. The initial weights were randomly initialized
and the network was trained to minimize a sum squared error goal of 1, for providing
more generality to the estimation stage.

The other network used was the Kohonen Supervised Learning Vector Quantization
(LVQ) [11] with 16 neurons in the competitive map, and a learning rate 0.05. This
network is a competitive network, where the neurons with weights more similar to the
input, increase their strength in response to this input, decreasing the rest of the nodes
except those in a close neighborhood. This establishes a topological relation in the
map. The main advantage of using learning vector quantization is that it takes less
time to reach the convergence criteria.

Once the network was trained, the estimation with extended data were used, and the
correlation coefficients between the stimulus and their estimations were computed.
Other studies use their own concepts as mutual information [8] in order to assess the
overall quality of the reconstruction, but there does not exist a common agreement
about the measure that best estimates the goodness of the prediction.
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4. Results

For many stimulus conditions and many cells only a few spikes were produced in
response to light-ON. Figure 2 shows a raster plot of the response time stamps of 15
cells to several identical presentations of a full field flash, using a wavelength of 546,
log. relative intensity = -0.5. Stimulus is indicated in channel 1, so that 8 different
flashes are shown. It can be seen that most of the cells are ON-OFF, and that they
only fire a few spikes in response to the stimulus. Another characteristic is that for a
given cell, different presentations of the same, identical stimuli, evoke different
responses. These responses differ not only in the number of spikes but also in their
relative timing, manifesting variability in their spiking behavior. This variability
produces uncertainty for recognizing the right stimuli using only one individual cell,
because there is no unequivocal function that associates the firing variables with the
provided visual information.

Ambiguity is another aspect noticed. Thus a single cell can have exactly the same
response to different stimuli, making the stimulus estimation task much more
difficult. These aspects are presented in detail in Ammermtiller et al. [9], and they
point to population coding as the strategy used to represent information in the visual
system.

Fig. 2. Multielectrode response raster plot.

Figure 3 shows the correlation between the output of a trained backpropagation neural
network and the correct stimuli, which in this case consisted in 8 different intensities.
The three wavelenghts choosen were those where discrimination of the population was
worst (633 nm), intermediate (546 nm) and best (450 nm). It can be seen that the
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scores show variability depending on the cell and the wavelength studied. On average,
all single cells were far below ideal discrimination, although to a varying degree. The
cells with higher estimation scores were cells 8, 10, 11 and 12. On the other hand, the
performance of all the cells taken together (“All” column) exceeded 0.95 for all
wavelengths.

EE
O 546
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Fig. 3. Intensity estimation scores for individual cells and for all the
cells taken together (“All” column) using a BP network

Color estimation is more complex, and the estimation rates for single cells were
considerably lower (Figure 4). For these kind of studies the intensity was fixed and
we asked the network to correctly classify nine different wavelengths. Again the
population discrimination was fairly good, with correlation coefficients ranging from
0.95 to 0.97, values that clearly surpassed all the individual cell coefficients for all
kinds of stimuli.

1
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01
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1 2 3 4 5 B 7 B 9 10 11 12 12 14 15 Al
Fig. 4. Color estimation scores for individual cells and for all the
cells taken together (“All” columns) using a BP network

For validating the above mentioned results, the same data was presented to another
kind of neural network, a supervised leamning vector quantization (LVQ) with 20
nodes in the competitive layer. This network converged faster than the back-
propagation (BP) network, and again the cells with higher estimation scores were
cells 8, 10, 11 and 12. The results obtained by using all the cells together was nearly
the same as that obtained using the BP algorithms (Figure 5).
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2 3 4 5 B 7 8 9 10 11 12 13 14 15 Al
Fig. 5. Intensity estimation scores for isolated cells and for all the cells
taken together (“All™ column) using & LVQ network

The wavelength discrimination using competitive networks behaved similarly to the
prior feedfoward network. Lower estimation scores were obtained, even for the whole
population. This could be due to the difficulty of the network in fixing a decision
border which divides the different clusters, however these values were clearly higher
than the correlation rates obtained by using only individual cells (Figure 6).
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Fig. 6 Color estimation scores for individual cells and for all the
cells taken together (“All” column) using a LVQ network

In order to get some insight into the relative importance of each one of the variables
for the discrimination task, we used a BP network with 20 nodes in the hidden layer.
The input to this layer was only the spike rate (N), only the timing of the first spike
(T1), only the timing of the second spike (T2), or only the time difference between
spike one and spike two (Interval) for the entire population of 15 cells. We also used
all these parameters taken together. Figure 7 shows the correlation indexes between
the real stimuli and the network estimations. Spike rate (N in figure 7) was the most
important variable followed by the exact timing of the first spike (T1). The timing of
the second spike (T2) and the interspike interval carried less information, and were
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poor coding elements. When all the variables from the ensemble of cells were used
the correlation coefficients were close to 1.
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Fig. 7. Intensity estimation scores for the population using different variables

Basically the same results were obtained for color discrimination, although the overall
performance was not as good as in the case of intensity discrimination (Figure 8).
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Fig. 8. Color estimation scores for the population using different variables

5. Conclusions

In this paper, a connectionist method has been used to investigate how color and
intensity can be estimated from single cells and from populations of retinal ganglion
cells. Two different neural networks, a feedfoward backpropagation and a competitive
LVQ, have been used for determining the coding capabilities of individual cells
versus a group of neurons. The correlation between the estimation of the networks and
the real stimuli was used for quantifying the transmitted information. Both networks
indicate that the brain could potentially deduce reliable information about stimulus
features from the response patterns of ganglion cell populations but not from single
ganglion cell responses.

The spike rate together with the exact timing of the first spike at light-ON were the
most important parameters that encoded stimulus features as it has been shown for
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different systems [4,5]. The fact that the number of spikes, or the first spike’s relative
timing, obtain the same estimation index as the overall parameters, approximately
0.95, could imply redundancy in the transmitted information, and could be related to
the robustness in the data transference inherent to this system.

A more refined data set will help in providing more accuracy to our analysis. Thus,
new physiological techniques which decrease the level of the background noise in the
recorded responses, and an efficient separation of the action potential prototypes
recorded with a single electrode [12], will help to isolate the firing parameters from
artifacts which contaminate our present recordings.

Finally, while the quality of the different coding parameters could be assessed by
using this neural network approach, we have no idea if indeed the brain also focuses
on these variables. Once the visual code is understood, the construction of spiking
retina models which reflects with accuracy the physiological recordings will be
available.
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Abstract. Information Theory is used for analvzing the neural code of retinal
ganglion celle. This approximaton may guantify the amount of information
transmitted by the whole population. versus single cells. The redundancy
inherent in the code may be determined by obtaining the information bits of
increasing cells datasets and by analyzing the relation between the joint
information compared with the addition the information achieved by aisle cells.
The results support the view that redundancy may play a crucial feature in
visual information processing.

1. Introduction

Information transmission and information coding in neural systems is one of the most
interesting topics in neuroscience, nowadays. As technology grows new neural
acquisition tools become available. They permit recording simultaneously tens, even
hundreds of cells stirmulated under different conditions. This process produces
enormous data files, which need new tools for extracting the underlying organization
of the neural principles, captured 1n the recordings.

First of all. it is necessary to determine if there exists an aisle cell coding, or a
population coding. An asle cell fires with limited acton potentials, in a restricted
interval, so 1t 15 difficult to code, numerically speaking, a broad spectrum of stimuh
on its parameters, On the other hand a populaton of cells have more coding
capabilities, and 1t can provide robustness to the representation of the stimuli by using
redundancy on the population firing patterns. Adding more cells for coding the same
stimuli will produce a fault tolerance systemn.

There have been published studies about aunditory [1] and olfactory coding [2].
however understanding visual coding 18 a more complex task due to and number and
characteristics of the visual stimulation parameters, and the difficulty of achieving a
filtered population ganghon cells firing pattern database with a considerable number
of cells recorded simultaneously. New tools are also required for understanding this
vast database. Initially it has been applied statistical analysis, [3][4][3] for obtaining
insights about the parameters used in the visual system for coding and transmitting the

1E. Domonsoro (Ed.): ICANN 2002, LNCS 2415, pp. 174179, 2002,
& Sprnger-Verlag Berlin Heidelberg 2002
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information to higher centers i the visual hierarchy. Artificial neural networks are
also another tool, which can provide, supervised or autoorganizative, new insights
about the way visual parameters are encoded and the inherent organization principles.
[31[6]

Recent approaches use Information Theory for quannfying the code transmission. It
can be used for comparing, also, the aisle cells coding capability versus the population
cade, It looks at the disorder, entropy, of a system, assurning that a system with more
variability (disorder) will be able to transmit more symbols that a system with zero
variance. Some studies [8] replace symbols with a list of action potential firing times
for analyzing the neural data.

This paper uses information theory for quantifving the information transmitted by
single retinal ganglion cells compared with the information conveved by the whole
population. The number of neurons in the datasets 15 also changed for determining if
mformation grows linearly with number of newrons mmvolved in the coding or it
saturates, producing a redundancy phenomenon. Finally the redundancy effect will be
observed for assuming if it is consequence of the saturation limit on the information,
or if it exists for lower number of cells, aspect that will produce the desired robustmess
in the code. The results show that information is transmitted by the population code
mainly, there exist some saturation on the information provided, determined by the
sumuli dataset, and redundancy appears for all numbers of cells involved in the
coding.

2. Methods

Registers were obtained on isolated turtle (Trachemy scripta elegans) retinas. The
turtle was dark adapted for a few hours, before it was sacrificed and decapitated. Then
the head was stored half an hour under 4° Celsius 1n order to ease the removing of the
vitreous. The eye was enucleated and hemisected under dim illumination, and the
retina was removed using bubbled Ringer solution takaing care to keep intact the outer
segment when removing the pigment epithelium. The retina was flatted in an agar
plate, and fixed using a Millipore filter with a squared window where the electrodes
will be placed. The agar plated with the retina was placed in a beam splitter with the
ganglion cell on the upper side and bubbling Ringer solution flowed through the filter.

Light stimulation was applied using a halogen light lamp, selecting the wavelength
by means of narrow band pass interference filters. Intensity was fixed by using neuntral
density filters, and a shutter provides flashes of the stimuli to the preparation. For
each stimuli (the wavelength, the intensity, and the spot was varied) seven
consecutive flashes, with 250 msec. length, were applied. using a lens to focus the
stimulus on the photoreceptor layer of the whole retina,

The Utah microelectrode array was used for obtaining the extracellular recordings
(Figure 1). It consists in an array of 100 (10x10); 1.5 mm long middles with a
platimzed tip 30 microns long. The distance between each niddle 1s 400 mm, and the
rest of the array 1s insulated with polyamide for providing biocompatibility. It was
mounted on a micromanipulator, and each electrode was connected to a 25000 gain
band pass (filtered from 250 to 7500 Hz) differential amplifier. The analog signal
was digitized using a multiplexer and an A/D converter and stored in a computer.
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The pre-processing consisted of fixing a threshold (based on an estimate of the noise
of the electrode) in order to extract the kinetics of electrical activity above this
threshold. Spike waveform prototypes were separated by template matching. For each
stmulus and for each electrode. the time of the first and second spike, the number of
spikes, and the interspike interval during the flash interval was also computed.

3. Information Theory

Information theory had its origins in 1928, Shannon published “The Mathematical
Theory of Communicaton™ [10] where thermodynamic entropy was used for
computing different aspects about information transmission. Later it was applied for
computing the capacity of channels for encoding, oansmitting and decoding different
messages, regardless of the associated meaning.

Information theory may be used as a tool for quantifving the reliability of the
neural code just by analyzing the relationship between stimuli and responses. This
approach allows one to answer questions about the relevant parameters that transmit
information as well as addressing related issues such as the redundancy, the minimum
number of neurons need for coding certain group of stmuli, the efficiency of the
code, the mawimum information that a given code is able to transmit, and the
redundancy degree that exists in the population firing pattern.

In the present work, the population responses of the retina under several repetitions
of flashes were discretized into bins where the firing rates from the cells of the
population implement a vector i of spikes counts, with an observed probability P(n).
The probability of the occurrence of different stimuli has a known probability P{s).
Finally the joint probability distribution 1s the probability of a global response n and a
sumulus s, P{s.n).

The information provided by the population of neurons about the stimulns 1s given
by:

Pis.n) B
It = P(s,n)log, ——— (1)
o ZZ (5,n)log, P(s)P(n)

=S n
This information 15 a function of the length of the bin, ¢ used for digitizing the
neuronal ensembles and the number of the sumuli in the dataset P(s).

To study redundancy, first the information transmitted for aisle each cell is
calculated. Also the mmformation conveyed by a group if cells, that 1s, jointdy. If
neuron were independent the relation between the joint information, and the sum of
the information of the aisle cells, which form the group, should be equal to umity. If
the joint information related to the sum of aisle cells is greater that one there exists a
synergistic code, and finally if the joint information related to the summatory of
individual cell information is lower than one, that is the sum of the aisle cells carry
maore information than the joint population. denotes redundancy.

In this paper. equation (1} was computed to determine the information contained in
the firing trains of isolated retinal ganghon cells for 7 different stimuli and this data
was compared to the information carried out by the whole population. The
information contained in an increasing set of ganghon cells was also computed 1n
order to determine if the information grows linearly with the number of cells or if it
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saturates at a given value. And finally the relation between the aisle cells information
is compared with the joint information for determining the characteristic,
independent, synergistic, or redundant of the coding.

4. Results

For both experiments shown on this results, neural activity was recorded in most of
the electrodes. The cells were selected by pattern matching algorithms for separating
different signal sources. The firing rate vectors were computed and finally the
stimulus-response table was constructed for the task of discriminating between seven
different hght intensities. In Figure 1, the informadon, in bits, 15 plotted for single
cells in the population versus the whole population. Cells with more variability in
their response show a higher information capability. The average information for
single cells (dotted line). 15 much lower than the whole population tansmitted
information in both cases.

The analysis of the saturation Hmit is plotted in Figure 2. The information for an
increasing cell population is show for increasing cell datasets. If initially, for small
groups, information rises linearly with the number of cells, it saturates with groups
bigger than certain number of cells for both experiments. This means that adding
more new cells to the analysis does not provide more information. The degree to
which the rise of information with the number of cells deviates from linearity is
related to the redundancy of the code. A redundant representation will provide
robustness, or fault tolerance to the system.

Finally Figure 3, shows the relation between the joint information transmitted and
the sum of the information for each aisle cell in increasing size groups. It can be seen
in booth experiments that the values are below umity, that is the behavior of the
coding 1s not synergistic, neither independent but redundant, providing robustness to
the code, and fault tolerance to the system.
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5. Conclusions

Information Theory has been applied for analyzing the neural code of retinal ganglion
cells. The informadon transmitted by the population of cells 1s always higher than the
information contained in the responses of aisle cell, suggesting a population code
instead of a single cell code. The overall information registered may vary, it depends
on the experiment, number of cells recorded, discriminative character of this cells,
location of the multelecorode array, size of the bins, etc., however the overall
behavior does not change significantly.

The information on the population grows linearly with number of cells until certain
limit, where information saturates. Adding more cells to the set does not provide more
information. The redundant characteristic of this scenario has been proved by relating
the joint transmitted information versus the addition of the singles cell transmitting
rate. Redundancy could be useful to achieve the robustness required for the retina to
maintain its performance under adverse environments.

This analysis may be also applied to color coding as well as coding of natral
scenarios, where synergistic behaviors may appear. The cooperation between new
multichannel acquisiion system and inmovative analysis tools will provide new
insights in neural coding.
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Formulation and Validation of a Method
for Classifying Neurons from Multielectrode
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Abstract. The issue of classification has long been & central topic in
the analysiz of multielectrode data, either for spike sorting or for get-
ting insight into interactions among ensembles of neurons. Related to
coding, many multivariate statistical techniques such as linear discrimi-
nant analysis (LDA) or artificial neural networks (ANN) have been used
for dealing with the classification problem providing very similar perfor-
mances. This is, there is no method thas stands out from others and the
right decision about which one to use is mainly depending on the par-
ticular cases demands, Therefore, we developed and wvalidated a simple
method for classification based on two different behaviours: periodicity
and latency response. The method consists of creating sets of relatives
by defining an initial set of templates based on the autocorrelograms or
peristimulus time histograms (PSTHs) of the units and grouping them
according to a minimal Fuclidian distance among the units in a class and

maximizing il among dillerenl classes. [i is shown here the elliciency of
the method for identifving coherent subpopulations within multineuron
populations.

1 Introduction

Understanding how information is coded in different sensory syvstems is one of the
most interesting challenges in neuroscience today. Technology is now available
that allows to acguire data with more accuracy both in the temporal and the
spatial domains. However this process produces a huge neural database which
requires new tools to extract the relevant information embedded in neural record-
ings.

While the neural code is partially understood in the auditory [1] and olfactory
systems [2], the visual system still presents a challenge to neuroscientists due
to its intrinsic complexity. Different studies have used different analysis tools to
approach the decoding objective. Fitzhugh [3] applied a statistical analyvzer to
the neural data in order to estimate the characteristics of the stimulus, whereas
Warland used linear filters [4] for the decoding task. Other approaches used

" Corresponding author: p.bonomini@umh es

J. Mira and J.R. Alvarez {Eds.): IWINAC 2005, LNC3 3561, pp. 68-T6. 2005.
() Springer-Verlag Berlin Heidelberg 2005

81



82

Formulation and Validation of a Method for Classifying Neurons

to get insights into the coding process are discriminant analysis [5], principal
component analysis [6] and supervised and non-supervised neural networks [7].

The nearest neighbour clustering decomposes the whole population in disjoint
groups, minimizing the distance betwween the elements of a group and maxi-
mizing the avaraged squared distance between the centroids of different clusters.
This division will achleve temporal boundaries for classificating the neural re-
sponses according to their periodicity or PSTH schemes.

In this paper. it is developed and validated a simple methad for classification
based on two different parameters: periodicity and latency response. The process
consists of creating sets of relatives by defining an initial set of templates based on
the autocorrelograms or PSTHz of the neural population response and grouping
them according to a minimal Fuclidian distance among the units in a class and
maximizing it among different classes,

The method was implemented using the K-means algorithm 8], This clus-
tering method was found to be slightly more robust to large amounts of noise in
neurcnal data than others [9].

It will be shown here the efficiency and robustness of the method for identi-
fving coherent subpopulations within multineuron populations.

2  Materials and Methods

Experimental data was obtained from rabbit retina recordings using a one hun-
dred multielectrode array (Cyberkinetics Inc.}[10]. Visual stimulus consisted of
full-field flashes at 0.5 Hz with a 300 ms ON period. Units were sorted using
a free open-source program, Nev2lkit, (source code and documentation is freely
available at http://nev2lkit.sourceforge.net} by means of principal component
analysiz (PCA), specifically the correlation method.

Afterwards. the autocorrelograms and PSTHs were calculated on each of the
cells in the dataset at two different bin sizes, 50 ms and 100 ms respectively.
For the autocorrelation, a maximum lag of 200 was used such that the complete
occurrence of a flash transition at any of the former bin widths were included.
Accordingly, a 2 second window was chosen for the PSTH computation. For each
bin size, either the autocorrelograms or the PSTHs fed a partitional clustering
method for the creation of a number of clusters which varied between two and
five. For the clustering method. the nearest-neighbour or k-means approach was
used. This approach decomposes the dataset into a set of disjoint clusters and
then minimizes the average squared distance from a cluster centroid among the
elements within a cluster. while maximizes this distance when regarding the cen-
troids of the different clusters. This defines a set of implicit decision boundaries
that separate the clusters or classes of units according to their perindicity when
clustering their autocorrelograms or to its response delay when clustering their
PSTHs. In this way, we end up with groups of relatives that are a subset of the
entire array.

In order Lo validate the efficiency of the methaod, a first graphical arrangement
of the units was accomplished for a fast visualization of the coherence in the clas-
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sification among different number of classes and bin widths. Then, a quantitative
analysis based on population responses was done. On each class, a population
response was build up by summing up all the single response trials from each
item within the class at a 5 ms bin size. On these signals, the autocorrelation
and correlation with stimulus was calculated.

3 Results

In order to test the accuracy of the method either for an autocorrelation-based
or PSTH-based classification, we first arranged the classified units in a graphical
way for an appropriate first visual inspection. For both of the two bin sizes
used for the analysis, a diagram as the one In Fig. 1 showing the classification
performance, was built up for each of the autocarrelation and PSTH approach
as well as for each number of clusters.
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Fig. 1. Graphical representation of the k-means output for five different classes, On
each column it iz shown the autoecorrelograms of the classified uniss belonging to a
same class. Left panel: autocorrelation calculated at a bin size of 50 ms. Right panel:
autocorrelation caleulated at & bin size of 50 ms. Maximum lag used: 200. Legends
on top of the autocorrelograms describe unit identifiers. For clarity reazons not all the
units of the original dataset are presented

Specifically, Fig. 1 shows in a graphical fashion the output of the k-means
method for the antocorrelograms of a number of units at two bin sizes; 50 and 100
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ms respectively, both of them with a maximum lag of 200. All the units belonging
to the same class are aligned in the same column. Legends on top of each plot
represent the unit identifiers. In the case shown in Fig.1, the dataset was disjoint
into three different clusters while in Fig. 2 original data were split into five sets
of relatives. Not all of the units are shown for clarity reasons. Notice that units
belonging to the class represented by the middle column in both panels present a
strong periodicity, following the periodic stimulation while units grouped on the
third column do not respond consequently to, at least, the applied stimulation.
The same holds when increasing the number of classes. as seen in Fig. 2, with the
advantage that the cell periodicities can be clustered in a more graded fashion.
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Fig. 2. Graphical representation of the k-means output for five different classes. On
each column it is shown the autocorrelograms of the classified units belonging to a
same class, Left panel: autocorrelation calculated at a bin size of 50 ms. Right panel:
autocorrelation calculated at s bin size of 50 ms. Maximum lag used: 200. Legends
on top of the autocorrelograms describe unit idensifiers. For clarity reasons not all the
units of the original dataset are presented

Once the qualitative assessment of the performance for different bin sizes and
number of classes was done as explained above, a more quantitative analysis of
how efficiently the method separated units was carried out. Firstly, it was calcu-
lated as many subpopulation responses as number of classes were chosen in the
K-means algorithm for the classification task. For each class, the activity of all
the units belonging to that class were summed up in order to create a population
response for that class. Population responses were computed as follows: a bin
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width of 5 ms was defined and the activity of all the cells in the subpopulation
was summed up at each bin. Afterwards, the signals were smoothed by convalv-
ing them with a Gaussian function with a standard deviation of 0.5. Then, both
the autocorrelation and correlation to stimulus of these signals were calculated.
For an appropriate comparison with the original entire population, Fig. 3a shows
the raster of the original population while Fig. 3b shows its smoothed popula-
tion response. Accordingly. Fig. 3c shows the autocorrelation of the population
response normalized so that at zero lag the autocorrelations are identically one,
and Fig. 3d shows the population response correlated to stimulus without any
scale applied. this is, non normalized. For both the autocorrelation and cross-
correlation computation, the entire signal was lagged. Continuous trace on top
of Fig. 3a represents the temporal evolution of the stimulus. a 2 second full-field
flash with a 300 ms ON period.

N i
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o4
o3
0.2
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Wil Wﬁ

Time (s} Time (5)
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oooppoooo
O Ak b M -

o
-22.5-17.5-125-75-2.56 25 7.5 125175 225 -22.5-17.5-125-75-25 25 7.5 125178 225

Time {s) Time (s)

Fig. 3. Represencation of the original data. a) Raster plot of the original dataset.
Stimulus evolution is represented in the continuous top trace. b) response population
resulting from summing up the activity across all the units in the recording for every
bin (5 ms). ¢) normalized population signal autocorrelogram and d) population signal
correlated to stimulus. For both correlations the entire signal was lagged

The same analysis as the one done to the original population was applied
to every subpopulation in order to highlight the properties that were kept or
removed from the original dataset in each of the subpopulations created. As an
example, Fig. 4 displays the rasters, population responses, autocorrelation and
correlation to stimulus (Fig da, 4b, 4e and 4d respectively) of three different
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Fig. 4. Representation of the classified data by means of the autocorrelation approach.
a} Raster plots of the three subpopulations found by defining the nurmber of classes
three. Stimulus evolution is represented in the continuous top trace. b) response popula-
tions resulsing from surmming up the activity across all the units in each subpopulation
for every bin (5 ms). ¢} normalized population signal autocorrelograms and d) popu-
lation signals correlated to stiraulus for each filtered population. For both correlations
the entire signal was lagged

subpopulations found by means of the autocorrelation approach using a bin size
of 100 ms and a maximum lag of 200.

Consistently, the number of classes set in the classification task was three.
The processes were calculated as explained above for the original data. Here.
each subpopulation is represented in a subplot across every panel respecting the
order through out the different panels for a clear visualization. Notice the clean
temporal pattern of the subpopulation represented as a raster (Fig. 4a, middle
panel], which is also reflected on its response population {Fig. 4b. middle panel)
as well as on both of the correlograms (Fig. 4c and Fig. 4d. middle panels), where
either of them turned out improved with respect to the correlograms from the
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original entire population (Fig. 3c and Fig. 3d), which display certain amount
of noise.

In the same divection, Fig, 5 shows other three different subpopulations ob-
tained from the same original data but using the PSTH approach.
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Fig. 5. Representation of the classified data by means of the PSTH approach. a) Haster
plots of the three subpopulations found by defining the number of classes three. Stim-
ulus evolution is represented in the continuous top trace. b) response populations re-
sulting from summing up the activity across all the units in each subpopulation for
every bin {5 ms). ¢} normalized population signal autocorrelograms and d) population
signals correlated to stimulus for each filtered population

Notice that the purity of the filtered populations depends strongly on the
number of classes defined. For instance, in this example three classes are not
encugh for getting pure ON or pure OFF subpopulations but is enough for
getting predominant ON (Fig. 5b, middle subplot] and predominant OFF (Fig.
5b. lower subplot}, since one class is reserved for noisy units. The ON and OFF
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predominance is also noticed in Fig. 4e. middle and lower subplots respectively
when showing correlated activity to stimulus.

4 Conclusions

Two different approaches for an antomatic classification of electrophysiological
multineurcn data were developed and validated. It was established that both
approaches worked satisfactorily at splitting original datasets although tempo-
ral dynamics of filtered populations vary from one approach to another. When
using the autocorrelation approach, units will cluster according to its periodicity
while when using the PSTH approach, they will do according to its latency re-
sponse. The number of classes defined by the experimenter also contribute to the
purity within each class, since the more clusters are defined, the more specificity
will be achieved. The method turns out to be robust and effective whereas sim-
ple and versatile. Even though this is an automatic method, the experimenter
has to keep track of the parameters applied in the processing stage as well as
the number of classes that would expect to be generated at every particular
case.
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Abstract

The number of laboratories using techniques that allow to acquire simultaneous recordings of as many units as possible i1s considerably
increasing. However, the development of tools used to analyse this multi-nenronal activity is generally lagging behind the development of the
tools used to acquire these data. Morsover, the data exchange between research groups using different multielectrode acquisition systems is
hindered by commercial constraints such as exclusive file structures, high priced licenses and hard policies on intellectual rights. This paper
presents a free open-source software for the classification and management of neural ensemble data. The main goal is to provide 2 graphical
user mterface that links the experimental data to a basic set of routines for analysis, visualization and classification in a consistent framework.
To facilitate the adaptation and extension as well as the addition of new routines, tools and algorithms for data anzlvsis, the source code and

documentation are fresly available.
T 2005 Elsevier B.V. All rights reserved.

Eeywords: Multielectrode recordings; Microelectrode arrays; Data classification; Open-zource toclbox

1. Imtroduction

To achieve a better understanding of the parallel infor-
mation processing that takes place in the nervous system,
many researchers have recently begun to use multielectrode
techniques to obtain high spatial- and temporal-resolution
recordings of the firing patterns of neural ensembles. These
techniques have been used to demonstrate that a population
code can provide a more accurate prediction of perfonmance
than the individual elements that constitute the population
(Ferrandez et al., 1999; Meister, 1996; Warland et al., 1997).
However, besides the difficulties of acquiring and storing
single unit responses from large numbers of neurons, the
standard techniques for the analvsis of the neuronal activ-
ity recorded simultaneously with numerous electrodes are
often insufficient to detect and represent the complexities

* Corresponding author at: Universidad Miguel Herndndez, Department of
Histology and Institute of Bicengineering, Fac. Medicina, San Juan 03350,
Alicante, Spain. Tel: —34 94 391 9430; fax: +34 96 391 0434,

E-mail address: ¢ fernandez@umi es (E. Fernandez).

0163-0270/S — see front matrer © 2005 Elsevier BV, All rights reserved.
doi:10.1016/ jneumeth 20035 04 008

of neural ensemble data. On the other hand, although it is
widely accepted that our understanding of neural coding,
information transmission and brain processes would be aided
if such data could be shared among individual laboratories
{Gardner, 2004}, the data exchange between research groups
using different multielectrode acquisition svstems is hindered
by commercial constramnts such as exclusive file structures,
high priced licenses and hard policies on intellectual rights.
Furthermore some commercial software tends to have only
limited possibilities to incorporate new tools or to modify
existing ones and share them with colleagues (Egert et al.,
2002).

To facilitate the analvsis of multielectrode data several
freely available tools have been developed, but most of them
are only intended to very specific processing task such as
spike sorting (Bongard et al., 2004; Segev, 2000; Shoham et
al , 2003) or on-line detection of spike amplitndes (Gholmieh,
2004). Only one general-purpose toolbox based on Matlab
environment has been developed for the analysis of multielec-
trode data {(Egert et al., 2002, but it is mostly oriented to the
analysis of files recorded with MCRack (Mult Channel Sys-
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tems, Reutlingen, Germany). Thus, there is a need to develop
standards for data archiving and tools that allow users to share
and analyse data acquired with different hardware systems.

This report introduces a new free open-source software
for the classification and management of neural ensemble
data. It works on ASCII files, since all commercial systems
offer the option of translating their binary files to ASCIIL. The
main idea is to supply a graphical user interface that links the
experimental data to a basic set of routines for analysis, visu-
alization and classification m a consistent framework. As an
example of its possibilities, it incorporates a dedicated alzo-
rithm for noise reduction and simplification of the data based
on the occurrence of conditioned spikes within a temporal
window, providing a basic method of evaluating high-order
neural interactions (Ortega etal , 2004). To facilitate the adap-
tation and extension as well as the addition of new routines,
tools and algorithms for data analysis, the source code and
documentation are freely available. Furthermore, although
the program includes its own graphics. it also has the option
of exporting the data in ASCII format for using by any other
graphical, mathematical or statistical package.

2. Methods
2.1. Experimental procedures

Extracellular recordings were obtained from ganglion cell
populations in isolated superfused albine rabbit (Oryvetolagus
cuniculus) retina using a rectangular amray of 100, 1.5 mm
long electrodes, as reported previously (Fernandez et al,
2000; Nommann et al., 2001; Ortega et al., 2004). Briefly,
after enucleation of the eye. the eveball was hemisected with
ararzor blade, and the cornea and lens were separated from the
posterior half. The retinas were then carefully removed from
the remaining eyecup with the pigment epithelivm, mounted
on a glass slide ganglion cell side up and covered with a
Millipore filter This preparation was then mounted on a
recording chamber and superfused with bicarbonate-buffered
Ames medium at 35°C.

For visual stimulation we used either an optical bench
with a standard halogen (100 W) light source, neutral density
and interference calor filters, or a 17" NEC high-resolution
E.GB monitor. Pictures were focused with the help of lens
onto the photoreceptor layer. The retinas were flashed peri-
odically with full field white light whereas the electrode array
was lowered into the retina until a significant number of elec-
trodes detected light evoked single- and multi-unit responses.
This allowed us to record with 6070 electrodes (on average)
during each experiment. The retinas were then stimulated
with different spatio-temporal patterns.

The electrode array was connected to a 100 channel ampli-
fier (low and high comer frequencies of 250 and 7500Hz)
and a digital signal processor based data acquisition sys-
tem. Neural spike events were detected by comparing the
instantaneous electrode signal to level thresholds set for each
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data channel using standard procedures described elsewhere
{Fernandez et al., 2000; Normann et al_, 2001; Shoham et
al., 2003). When a supra-threshold event occurs, the signal
window swrounding the event is time-stamped and stored
for later, offline analvsis. All the selected channels of data as
well as the state of the visual stimulus were digitized with a
commercial multiplexed A'D board data acquisition system
{Bionic Technologies Inc.) and stored digitally.

For spike sorting we used a free program, NEV2kit,
which has been recentlv developed by our group (Bongard
et al, 2004) and runs under Windows, MacOSX and Linux
{source code and documentation is freely available at:
http:/'nev2lkit sourceforge net). WEV2kit load multielec-
trode data files in various formats (ASCI] based formats,
LahView formats, Neural Event Files (NEV), etc.) and is able
to sort extracted spikes from large sets of data. Furthermore, it
incorporates tools to identify noise and review individual and
groups of spikes. The sorting is done using principal compo-
nent analvsis (PCA) and can be performed simultaneously
on many records from the same experiment.

For testing the software capabilities we also used mul-
tielectrode recordings that were acquired using other mul-
tichannel neural acquisition systems. Thus we used in
vivo extracellular recordings provided by Dr. Sanchez-Vives
{Instimte of Neuroscience, University Miguel Hemandez,
Alicante, Spain) that were acquired using the Spike 2 sys-
tem (Spike? software, CED, Cambridge, UK), data collected
using a Multi-Neuron Acquisition Processor (Plexon, Dallas,
TX), recordings using barreled micropipettes (De Labra et
al., 2005) and recordings from rat somatosensory cortex per-
formed with a customized 1 6-channel system integrated with
an A/D card (National Instruments, PCI_6059M Series).

2.2, Saftware

The graphical user interface (GUI) of DATA-MEAns
was written in Delphi 7.0 (Borland), and designed to make
internal calls to stand-alone applications developed in Matlab
6.1 for most of the processing routines. This architecture
facilitates the incorporation of new routines, minimizing
the work required to change the source code. The software
was successfully tested on Windows 98, Windows 2000 and
Windows XP, although in principle it is compatible with any
Windows operative system without need of any version of
Matlab installed.

Following the general-purpose design, we tried to maxi-
mize the flexibility allowing the user to:

(1) Select the number of electrodes in the array expressed
as number of electrodes along the x- and v-axis. This
feature is optimised for rectangular amray layouts, but
it could be easily adapted to hexagonal or other armray
shapes.

(ii) Specify the convention and the values used for the mon-
itoring of the stimulus. Specific labels marking stimulus
changes or experiment information can be frecly defined
bv the user.
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(111) Configure the units used in the analvsis. By default the
software loads all the electrodes and units, but they can
be individually selected or removed. The settings are
configured in the electrode configuration panel and keep
for all the later analysis.

{iv) Decide on the number of plots per page. If this feature
is the same as the array lavout, then direct spatial infor-
mation can be inferred.

(v) Select the number of classez or groups for the classifi-
cation algorithm so that “similar” units are in the same
class. This maybe useful for data reduction.

2.3. File interface

DATA-MEAns works on ASCII files since all commereial
and conventionallv used svstems offer the option of translat-
ing their binary or proprietary formats into an ASCIT text
file. The mput files can contam two columns (separated by
tabulations or spaces) or be arranged in a multicolumn table
of timestamps where each column in the text file represents
either a unit or a stimulus epoch.

Fiz 1A shows an example of the two-columns format for
an experiment where the retina was stimulated with random
flicker stimulation (Warland et al., 1997). The first column
contains the stimulus code or the electrode on which the spike
occurred, and the second column the time stamps. Accord-
ing with most used procedures, neural events are identified

as XYY where XXX is the channel on which the spike
occwrred and Y'Y is the unit designation resulting from the
spike sorting algorithm Fig. 1B, displays an example of the
multicolumn table of timestamps format. The first element in
each colummn 1s the neuron identifier (s1gX3XX7), where XX
is the channel descriptor and i is the unit derived from the
spike sorting algorithm. Last column contains experiment or
stimulus information.

2.4. Program siruciure

The program is structured in three main blocks, Dis-
play, Conditioned Spikes Analysis and Classification, each
designed to perform a specific task, and a principal program
which directs the flow of operations. Fig. 2 shows the work-
flow for the most common routines used with a particular
data set.

2.3, Editing and filtering processed units

When recordings are taken from microelectrodes
implanted in neural tissues, many electrode channels typi-
cally show the activities of more than one neuron. Quite often
itis required to trust in spike sorting methods whose accuracy
is critical for all subsequent analysis. Thus, even though there
have been proposed many sorting algorithms, still arise prob-
lematic topics as the variability in the results depending on the

Channal.unit
stimulus onset —> | 2000.0

45.3

56.3

522
stimulus offset —= | 10000

stimulus offset —> | 1000.0

stimulus onset —=> | 40000

Timestamps
1.828340
1.928390
1.839700
1.840000
1.842039
1.843970
1.847230
stimulus onset -—> | 30000 1.847360
1 BATEHTO
1.847730
1.828370
1.850530
1.951470
1.859870
1.867300

(Al

Unit/stimulus
identifier --->

Timestamps —>

sig0D1a  sig00ik
1.018425 0.703250
2.939800 0.B21375
2941375 1.012375
2.973200 1.175200
3065275 1.186975
3.111275 1.233850
3.985125 1.501150
3.991775 1.647175

Timestamps —>
(8)

sigh02a sig002b  sig002¢  Event0O1
1466025 0.756875 2.014850 0.131700
1.699325 1.198375 2790350 0.241700
1977815 1.247950 2.883825 0.351700
1.993850 1.303250 2.931225 0.461700
2198825 1.375125 3.270975 0.571700
2262175 1.516125 3.355675 0.681700
2571175 1.902375 3.369850 0.791700
2882225 1.927200 3.371575 0.901700

Fig. 1. Input ASCII files. (A) Tovo-column: format. The left column contains the stimuluz code or the electrode on which the spike occurred. By default,
mumbers under 1000 are interpreted as channel identifiers, whereas numbers equal or greater than 1000 are interpreted as experiment or stimulus codes, but
the user can specify customized vanes in the Geseral Settings dialog. Right column contains the timestamps in seconds or time ticks. (B) Multcolumn rable
of timestamps format. The first line of the file contains the names of zll the variables (see text). Data aligned under the columns are numbers representing the

neuron firing time (or event time) in seconds or in time ticks.
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Fig 2. Program workflow:. Screenshots are taken from the program to illustrate the main analysis and routines.

e

applied method, the effects of spike overlap, the geometry and
number of electrodes of the array, etc. (Brown et al , 2004). To
facilitate the analysis DATA-ME Ans permits to select and/or
remove the units and electrodes that will be used in all sub-
sequent analysis. This utility has a double purpose, since it
also allows a different way of generating specific populations
following well-defined temporal patterns. In addition the
classification block can act as a powerful filter that operates
on groups of units resulting from these automatic methods.

3. Results
3.1. Display

An important feature of multiple recording methods,
besides the simultaneous temporal information supplied by
different neurons, is the spatial or anatomical information that
can be related to the position of each electrode in the tissue.
Thus, in multielectrode experiments it is often desirable to
review the results of the recordings with respect to the geom-
etry of the multielectrode array. In order to facilitate these
analyses the visualization block has two main branches. One
totally aimed at dealing with the timing of'the spikes or events,
like conventional rasters plots or spike counts, and a second
one, which allows to relate spatial and temporal information.
Furthermore DATA-MEAns permits to process and repre-
sent all the recorded units or just a sub-sample of the whole
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recording and view the data on user-controlled expanded or
contracted time scales.

The display functions allow to represent the results as:
(a) the levels of activation in each electrode in an animated
frame by frame sequence (a frame is defined as a picture of
the electrodes with their activation levels coded in colour and
size within the array at a certain time) or (b) the levels of
activation across a subset of electrodes in the multielectrode
array through a certain time. This subset is delimited by a
set of electrodes that define a geometrical element within the
array, such as columns, rows or diagonals and works with
any type of data as long as it can be represented in a numeric
M x N matrix. As an example, Fig. 3 shows the simultane-
ously recorded extracellular responses to several consecutive
and identical full field white flashes (top trace). Here, a 10
column array 1s processed along 15 s of regular light flashes
applied every 2 s (bin size =0.06s). Note that what it is rep-
resented in this example is the activity of certain geometrical
relation in the array, columns in this case, along a time axis.
The routine builds up a population vector composed of the
sum over some bin time and among all the units of each col-
umn on the electrode array and plots this vector over the
time frame given by the user (whole experiment or from
a start-time until an end-time). The temporal evolution of
each column in the array 1s represented using a modified hin-
tonw procedure where the levels of activity are represented
by changes in size and colours. To simplify the visualiza-
tion, all the single units derived from a particular channe] are
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Fig. 3. Outpur of the display block illustrating the temporal levels of activa-
ton across a subset of electrodes throngh a certain tume, In this example, 2 10
columns array iz processed along 15 s (bin=0.063) of regular light flashes
applied every 2s; (A) raw data. Note the mcerease of activation (brighter
colour and widening of the columang) every 2 5. (B) The same plot after using
the edit mode function to remove all those units whose autocorrelograms did
not follow 2 0.3 Hz pattern. Notce the decrease in the background activiry
from the raw activity (e.g. columns 4-7). Continuous top trace shows the
tming of Hght stimulos,

represented at the same electrode position. Otherwise, the
overlapping of signals in a poorly defined space would hin-
der the achievement of clear spatio-temporal representations
within the array and would blur their advantages.

Fig 4 shows the responses of a cell ensemble to upwardly
moving horizontal bar using the “frame by frame” visualiza-
tion. Here the temporal evolution of the whole array can be
followed in a bin-by-bin animated sequence. The bin size is
a user-defined feature and the routine also allows to scan the
whole recording or just a period of time between a start-time
and an end-time. Again, a colour and size scale grade the
firing rate levels at each particular electrode location.
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Fiz 4. Example of the animated frame by frame visualization. A sequence of
three frames show the response to an upwardly moving bar at different times.
Size and colour brightness represent the cbserved firing rate at 2 particular

electrode location in the array.

3.2. Classification

In many anatomical structures, it is well known the
existence of neurons whose firing pattems are clearly
differentiated or depend strongly on the stimuli applied For
instance the tonic and bursting neurons in the basal forebrain
{Nunez, 1996), the low-frequency and high-frequency cells
in the mocleus gracilis (Panetsos et al, 1997), or the ON,
OFF and ON-OFF cells in the retina (Chichilnisky and
Kalmar, 2002; Famiglietti and Kolb, 1976). All of them
coexists in the same-recorded structure and although the
labour involved in the separation of physiologically different
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recordings is reasonable if only a few electrodes are used,
often requires a considerable amount of time. Thus the
problem arises when a significant number of electrodes 1s
used in the recordings. Although the cluster boundaries can
be set by hand, the question is how to set them automatically,
or better yet optimally. At this point, a tool to facilitate the
creation of sub-groups or sub-populations within a given
population tums out to be important.

The classification function allows to identify classes or
groups of units that behave similarly with respect to a selected
spike train analysis method (Rieke et al., 1997). The basic
analysis routines, which are actually implemented for the
classification tasks are autocorrelations, correlations with
stimulus, post-stimulus time histograms (PSTHs), rate curves
and interspike interval histograms (ISI). The procedure to
achieve the classification 1s as follows. First the user has to
define a predetermined maximum number of groups. Then
a spike train analysis method is chosen (ie., autocorrela-
tions, perievent histograms, rate curves, PSTHs, ISIs, etc.)
and the output of this procedure feeds a clustering method,
which uses the nearest neighbour or k-means approach. This
is a simple clustering method that decomposes the data
set into a set of disjoint clusters and then minimizes some
measure of dissimilarity in the samples within each clus-
ter, while maximizes the dissimilarity of different clusters.
The measure of dissimilarity used in this algorithm is the
average squared distance of the data items from their near-
est cluster centroids (MacQueen, 1967). This defines a set

of implicit decision boundaries that separate the clusters or
groups of units according to the selected analysis method
(for instance according to their periodicity when cluster-
ing their autocorrelations or according to its response delay
when clustering their PSTHs). The result is that groups of
relatives are formed into classes that are a subset of the
entire array. These groups can be exported to an ASCII file
for later analysis. Fig. 5 shows an example of five differ-
ent classes, each containing three units, clustered according
to their autocomrelograms. A bin size of 50 ms and a maxi-
mum lag of 200 were used for the autocorrelation routines.
Notice the coherence among all the units belonging to a same
class. Although we chose five classes, the user can specify
a different number of groups depending on their particular
needs.

With the aim to investigate if the implemented analvsis
routines were able to extract different subpopulation of cells
we used several filters to identify ON and OFF retinal gan-
glion cells Fig. 6 shows an example using the PSTH method.
For the ON cells, we select all the units whose PSTH peaks
fell within the ON period of the light For the OFF cells we
chose those units whose PSTH peaks fell within the OFF
period of the stimmlus. To test that no changes in the tem-
poral dynamics of the data are produced when filtering, we
computed the comrelation of the original population response
with the stimulus and did the same with the ON-filtered and
OFF-fltered populations (Fig. 7). As it can be seen. the three
populations shared the same temporal dynamics.

Class 1 Class 2 Class 3 Class 4 Class 5
4
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05 05 05 0.5 05
2 i 5 i h“"»"» o Moot bl i,
85 351 462 171
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. & o kbbbl
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Fig. 3. Classification block. Each column shows a set of units according to the output of the clustering method. In thiz caze, the relatives consisted of
autceorrelated vnits (bin size: 30 ms and lag max: 200) clustered mto five different classes. For simplicity, only three units belonging to each class are shown.
Class numbers are indicated on top of each column. Uit identifiers are represented as the legends on top of the avtecorrelograms panels.
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3.3. Conditioned spikes analysis
As an example of the possibilities to implement new code
and routines, DATA-ME Ans incorporates a new representa-

tion of spiking dynamics in multielectrode recordings based

6000

all the units whese PSTHs did not present a clear OFF and ON response. Insets on the lower panels show the OFF and ON templates on which we based our

selection.

on event synchronization. Whereas detailed discussion and
application of the algorithm is available elsewhere (Ortega
et al, 2004; Quian Quiroga et al, 2002) here we briefly
describe for those unfamiliar with the technique the basis
of the method. The algorithm consists of finding events that
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panel: original population responsze correlated to a periodic stimulation with a

300ms ON period. Middle panel: filtered OFF population response correlated to the same stimuins. Lower panel: filtered ON population response correlared
to the same stimulus. Note the correzpondence in the timings for the ON and OFF peaks of activity between the filtered and original populations.
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occur within different temporal windows among two or more
cells. The events we consider are conditioned spike times,
where the condition we impose is the presence of another
spike in its temporal vicinity.

In the case of neural ensemble recordings. we call 1 the
time of the spike { from the x cell. In this way we have a
multivariate, discrete time series with the information about
the spiking dynamics of the neurons. Now, we shall define
new events, 17, using the above information. Thus the times
of these new events are such that:

i =1
U < (ff —r_y) = Tawithi =2, m., k=1, 1y (48]
where mi; is the number of spikes the cell x has fired and
#n, 1s the number of events of that cell. Note that index & is
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Fig. 8. Simultaneously recorded extracellular responses from a population
of retinal ganglion cells to 12 consecutive and identical flashes. Upper panel
shows the recordsd neuron responses. Lower panel shows the conditionsd
spikes plot. Each dot represent a spike under the condition that there exist
another preceding spike, with a temporal range of 4-10ms, belonging to
the same cell. Although each dot represent a single spike (upper panel) or
conditioned spike (lower panel), sometimes spikes that are very close could
appear as a single dot due to the printed graph resolutdon. Top traces show
the taming of Hght stimubus.
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incremented every time a new event showsup. The above pro-
cedure select discrete “events” between interspike intervals
{ISI's) T} =181y and T2 =1814.; and allows to investigate
the behavior of multielectrode recordings for different ISIs
values Fig 8 shows an example of simultaneously recorded
extracellular responses to several comsecutive and identi-
cal full field white flashes (top trace). Close inspection of
the firing patterns shows some degree of variability in the
responses of each cell to repeated stimulation, introducing
uncertainty in the code. Furthermore some cells seem to fire
more or less constantly, irrespective of the stimuli. Lower
panel of Fig. & shows the conditionad events for a window
of I8Ly, =4 ms and ISL,,, =10ms. Each dot represents a
spike and its corresponding time with the condition that there
must be another precedent spike temporally close to it. Com-
paring spikes (Fig. &, upper panel) with conditioned spikes
(Fig_ 8. lower panel), it can be seen that these events seem
to better correlate with the stimuli {top trace), even for those
cells with ligh finng rates. Moreover, the signal to noise
ratio (SNR) is highly increased in the latter case. Thus, this
procedure allows to study the correlation of different events
with the stimuli. Moreover, the method can be also used as
a different way of filtening or reducing the noise 1n the raw
recordings.

In order to test that this way of filtering populations gives
an eqguivalent information to that of original populations,
we analysed the comelated activity of the different subpop-
ulations in response to light stimulation Fig 9 shows the
cross-correlograms for the raw spike population (continuous
line) and the conditioned spike population (dashed line) for
a temporal window of 4-10 ms. Populations were built up by
summing the number of spikes of all of the ganglion cells in
the recording using non-overlapped bins of 5 ms. The results
show that filtered cell responses are within the expected
times.
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Fig 9. Correlated activity i response to a periodic stmulus for recorded
sp:.ke: (contitmous line) and conditioned spikes with I18Is in berween 4 and
10ms (dashed line}.
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4. Discussion

Diata sharing requires agreement on technigues and for-
mats, as well as methods for classification and selection.
therefore DATA-MEAns provide several visualization and
analysis routines, which permit to classify and reduce orig-
inal datasets for further specific processing Furthermore to
facilitate the adaptation to any particular requirement as well
as the addition of new routines, tools and algorithms for
data analysis, the source code and documentation is freely
available. We hope that it will help new contributors to add
functions that are currently not included and that it could
be useful for further analysis that allow integrate and com-
pare findings from individual laboratories as well as test new
hvpothesis.

DATA-MEAns can read ASCII files created by popular
data acquisttion systems These files can be easily created
and edited using a word processor or any other program
for editing text files. Although working with binary files
allows to compress information with an optimisation of
the memory space used for storage, this approach would
require huge and continuous efforts to put together all dif-
ferent file formats, reading them, and updating the “read
modules™ since the commercial acquisition systems often
upgrade their native data files. Moreover, manv laborato-
ries use home-made acquisition systems, being excluded
from using most of the commercially available software.
Our goal is that this toolbox can be useful to the devel-
opment of standards, all in a common format, which sup-
port multiplatform assembly, upload, annotation, search and
acquisition that will ease reanalysis of shared data by per-
mitting data upload from within data acquisition applica-
tions, and data download directly to standard acquisition
routines.

The design based on stand-alone applications offers great
Hlexibility and independence from any other commercial soft-
ware and represents an easy mechanism for adding new
routines altering minimally the source code. This can be par-
ticularlv useful when the researcher uses their own custom
scientific programs. Thus 1t 1s possible to write the desired
algorithm using a known language, make an executable and
link it to the DATA-MEAns application by means of the
ShellApi utility from Windows.

Finally, this application was intended only for a prelimi-
nary pre-processing of the data, hence only the most generally
used routines are implemented. We are aware that numer-
ous functions currently in use, as well as advanced functions
used in various labs working with multielectrode data are
not included. We hope that the facilities to extend the code
and add more specific algorithms and routines can com-
pensates the former and encourages the users to contribute
providing ready-made functions useful to the scientific com-
munity. Thus, the program and source code are available free
of charge upon request from the first author of this paper
{email: p.bonomini@umh.es) or directly from the follow-
ing URL: http://cortivis.umh.es (under the software menu),

to academic researches interested in using or emhancing
DATA-MEAns.

Acknowledgements

We are very grateful to Markus Bongard for data sharing
and helpful advice. We thank Drs Sanchez-Vives and Car-
men De Labra for sharing their multielectrode recordings.
This research has been carried out with financial support
from the Commission of the Furopean Communities, spe-
cific RTD programme “Quality of Life and Management of
Living Resource”, contract QLKA-CT-2001-00279 and by a
Ministerio de Clencia v Tecnologia grant TIC2003-09357-
CO2-02.

References

Bongard M, Micol D, Fernandez E. Wev2lkit: a wol for handling neuronal
event files; 2004, Available at: httpe/'nev2ikit sowrceforge net/.

Brown E, Kass B, Mitra P Multiple neural spike train analysis:
state-of-the-art and fomre challenges. Nat Neurdsct 2004:7:456—
61

Chichilnisky EI. Kalmar B, Functionzl assimeties in ON  and
OFF ganglion cells of primate retina T Neurosci 2002:22:2737—
47.

De Labra C, Rivadulla C, Cudeiro T Modulatory effects mediated by
metabotropic ghitamate receptor 5 on lateral genicufate nuclens relay
cells. Eur T Neurosci 2005;21:403-10.

Egert U, Enott Th, Schwarz €, Nawrot M, Brandt A, Rofter S_ et al.
MEA-Tools: an open source toolbox for the analysis of multi-electrode
data with Matlab. T MNeurosc: Meth 2002;117:33—42.

Famigliettt EV, EKolb H. Sguctural basis for ON- and OFF-center
responses in retinal ganglion cells. Science 1976;194:193-3.

Ferndndez E, Ferrandez T, Amenermuller J, Normann RA. Population
coding in spike trains of simultaneously recorded retinal gamglion
cells. Brain Res 2000;887:222-9.

Ferrandez IML Ammermuller T, Normann RA_ Fernandez E. Management
of color and luminance informarion by a network of ganplion cells in
furtle retina. Tect Notes Comput Sci 1999:1607:289-93.

Gardner D. Newodatabase.org: networking the microelectrode. Nat Neu-
roscs 2004 7:486-7.

Gholmich G. An algoritun for real-time extraction of population EPSP
and population spike amplitndes from hippocampal field potential
recordings. J Neurosci Meth 2004:136:111-21.

MacQueen J. Some methods for classification and analysiz of multivaniate
observations. In: Le Cam LM, Weviman J, editors. Proceedings of the
Fifth Berkeley Svmposium on Mathematical Statistics and Probabilicy.
Berkeley and Los Angeles, CA: Unmversity of California Press: 1967,
. 28197,

Meister M. Muluneuronal codes in retinal signalling, Proc Natl Acad Se
USA 1996:93:509-14.

Normann BA Warren DI Amenermuiler J, Fernandezr E. Guillory 5.
High-resolution spatio-tethporal mapping of visual pathways using
multi-slectrade arrays. Vision Res 2001:41:1261-75.

Nunez A& Unit actvity of rat basal forebrain neurons: relationship to
cortical activity. Neuroscience 1996,72:757-66.

Ortega G, Bongard M, Louis E, Fernandezr E. Conditoned spikes:
a simple and fast method to represent rates and temporal pat-
terns in multislecode recordings. T Neurosei Meth 2004:135:135-
41

99



145 M.P. Boncwtind et al £ Jewrnal of Newoscience Methody 148 (2005) 137-146

Panetsos F, Nunez A, Avendano C. Electrophysiological effects of tem-
porary deafferentation on two characterized cell types = the nuclens
gracilis of the rat. Eur J Neuroscl 1997,9:363-72.

[Onian Quiroga R, Kreuz T, Grassberger P Event synchronization: a sim-
ple and fast method to measure synchronicity and tme delay parterns.
Phys Bev E 2002:66:0419041-9.

Ricke F. Warland D, de Ruyeer van Steverdck R Bialek W Spikes: explotr-
ing the neural code. New Yotk MIT Press; 1997.

100

Segev R Detection and sorting of neunral spikes usig wavelet packapes.
Phivs Rev Lett 2000;85:465740,

Shohamn 8, Fellows M, Normann R. Robust. antomatic spike sort-
g nsing mixtures of multvariate tdistributions. T Weurosc: Meth
2003:127:111-22.

Warland DE. Reinagel P, Meister M. Decoding visual information from
a population of retinal ganglion cells. T Nenrophyvsiol 1997:78:2336—
30.



Towards the Reconstruction of Moving Images
by Populations of Retinal Ganglion Cells

Ariadna Diaz-Tahoces!™, Antonio Martinez- Alvarez?,
Alejandro Garcia-Moll*, Lawrence Humphreys®, José Angel Bolea?,

and Eduardo Fernandez®

! Institute of Bioengineering and CIBER BBN, University Miguel Herndndez,
Alicante, Spain
adiaz@gounh.uwh. ez, e.fernandezfumh.es
? Department of Computer Technology, University of Alicante, Alicante, Spain
amartinez@dtic.ua.es
¥ Department of Materials Science and Engineering and Chemical Engineering,
University Carlos ITT. Madrid, Spain

Abstract. One of the many important functions the brain carries out
ig interpreting the external world. For this, one sense that most mam-
rals rely on is vision. The first stage of the visual systemn iz the image
processing whose capture takes place in the retina. Here, photorecep-
tors cells transform light into electrical impulses that are then guided by
amacrine, bipolar, horizontal and some glisl cells up to the ganglion cells
layer. Ganglion cells decode the visual information to be interpreted by
the visual cortex. The understanding of the mechanisin for decoding the
visual information is a major task and challenge in neurcscience. This
is especially true for images that change with time, for example during
movement. For this purpose, extracellular recordings with a 100 multi-
electrode-array (MEA) were carried out in the retinal ganglion cells layer
of mice. Different moving patterns and actual images were used to stim-
ulate the retina. Here, we present a new strategy for analysis over the
spike trains recorded allowing the reconstruction of the actual stimnuli
with a reduced number of ganglion cell responses,

Keywords: Retina - Ganglion cells - Natural scene - Receptive fields

1 Introduction

Presently, how the nervous system interprets the outside world using neural
messages through a sensory circuit remains a major challenge in neurcscience
[1]. In vision, a light stimulus is transduced into an electrical impulse via the
photoreceptors. This signal is then transmitted to the inner nuclear and ganglion
cell layer which carry out the initial decoding of the stimulus [2]. This information
is then transmitted through the optic nerve to the visual cortex for further
processing.

Normally, visual sensory neurcons are characterized in a laboratory setting by
their preference to light or dark. intensity, direction and receptive fields. However,
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this has usually been determined using simplified black and white stimuli as a
representation of the real world. This is in contrast to the color and motion that
We experience.

The problem is not in simulating a realistic visual signal; rather it lies in the
interpretation of the various levels of decoding that is concurrently being carried
out in the retinal layers [3]/4]. This is in part due to the complexity of the signal
as well as the many variables that modulate the electrical responses.

For this complicated task we have combined two methods, extracellular record-
ings from ganglion cell evoked responses under light stimuli using a MEA and a
custom designed software to reconstruct complex visual stimuli.

Our software locates the receptive field of each cell based on the response to a
moving bar crossing the visual field in 8 orthogonal directions. From this data we
can identify their receptive field. Using this information we apply a visual stimuli
composed from a natural scene and correlate electrical responses to this image.
This allows us to accurately reconstruct cur image using only the ganglion cell
responses.

This novel method can be used as a tool to characterize electrical responses
to complex visual stimuli. Here, we demonstrate with as little as 11 cells we can
reconstruct natural images.

2 Material and Methods

Retina Preparation

Wild-type (CE7BL/EJ strain) mice were bred within a local colony established
from purchased breeding pairs (Jackson Laboratories . Following anesthesia with
4% of isoflurane (IsoFlo@®), Esteve Veterinaria)] inhalational, cervical dislocation
was performed. Then both eyes were removed. Animals were dark-adapted for
one hour prior to sacrifice. All the experimental procedures were carried out
in accordance with the ARVO and European Communities Council Directives
(86/609/ECC) for the use of laboratory animals.

The cornea and lens were removed and discarded from the eveball by a trans-
verse cut along the ora serrata with a razor blade. Then, the retinas were re-
moved from the remaining evecup with the pigment epithelium and mounted
on an agar plate with the ganglion cell side facing up. Finally, the tissue was
covered with a piece of nitrocellulose paper in order to fix it and maintain the
correct moisture. This paper had a small window cut into it to allow placement
the electrode on the retinal ganglion cells layer.

This preparation was then mounted on a recording chamber, superfused with
oxygenated Ringer medium (124mM NaCl, 2.5mM KCI, 2mM CaCls, 2mMl
MgCls, 1.25mM NaH,PO,, 26mM NaCHO; and 22mM Glucose) at physiclogical
temperature.

These preparations was always performed under dim red illumination.
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Multielectrode Recordings and Spike Sorting

Extracellular recordings were obtained from the retinal ganglion cell layer in
the isolated mouse retina using an array of 100 electrodes with 400um inter-
electrode distances [5]. The electrical signals captured by the electrodes array
were amplified with a 100-channel amplified (Bionic Technologies, Inc) with a
gain of 5000 and a bandpass between 250 and 7500 Hz. The sclected data from
each chanmnel as well as the state of the visual stimulus were digitized with a
resolution of 18 bits at a sampling rate of 30 kHz and stored using a signal
processor data acquisition system.

All neural spike events recorded exceeded at least 3.25 the standard deviation
of noise level. When a supra-threshold event occurred, the waveform and time
was stored together with the state of the visual stimulus for later offline analysis.

Each electrode can detect light evoked single- or multi-unit responses malk-
ing the characterization and grouping of spikes necessary. The spike sorting was
carried out by Nev2lkit program, free open source software based on principal
component analysis (PCA) method and different clustering algorithms [6]. Time
stamps for action potentials of each sorted unit were used to generate inter spike
interval histograms (ISI}, peristimulus time histograms (PSTH) and peristim-
ulus spike raster analysis using NeuroExplorer@)(Nex Technologies) as well as
NeurALC software.

Visual Stimuli

All visual stimuli were programmed in Pyvthon and reproduced with Vision egg
an open source library for real-time visual stimulus generation [7]. For this we
used an area of 120x154 pixels of a 16-bit ACER TFT at 60 Hz refresh rate.
The patterns displayed on this area were resized to a 4x4dmm area with optical
lenses and projected through a beam splitter focusing the stimulus onto the
photoreceptor layer.

The retinas were then stimulated with three different types of stimuli. Several
repetitions of a 700ms flash (196.25 cd/m®) were displayed followed by darkness
for 2300ms to classify the ganglion cells in ON, OFF, ON/OFF or spontaneous
with no response to light (NRL) [8].

We then proceeded to stimulate the photoreceptors laver with 250um wide
white bars crossing a black screen at 0.5 & 1Hz. Four pairs of stimuli were used:
0%, 45°,90°,135°, 180°, 225°, 270° and 315°,

This was followed by the presentation of an animated panoramic natural scene
projected on a virtual drum for 180 seconds at 0.7THzfrequency. The image size
was 1031 x 156 pixels grouped into squares of 1515 pixels and was presented in
black and white.

Delimit and Locate the Receptive Field

To determine the size and localization of the cells receptive field [9], the pho-
toreceptor layer was stimulated with 250um wide white bars crossing the black
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screen at 0.5Hz. To automatically map the response for each isclated ganglion
cell to the corresponding squared-pixel from the stimulus image projection, an
ad-hoc Python program was designed. Within this program. the responses to
each pair of left-to-right and right-to-left moving-bars are processed separately
to calculate their centroids.

To avoid measurement of unwanted firing responses such as noise signals, a
custom weighting threshold was defined for filtering them. Then. both signals
are set in phase to cancel inherent latency effects and locate the receptive field
in every corresponding direction. Fig. 1 represents this automatic phasing pro-
cess for a given cell response through each mentioned direction. Each phased
contribution is added so that four 1 x N matrices of responses are obtained:
My 180, Mz 205, Moporo and Miss 315, Finally, the receptive field is calculated
by multiplying M0,180, by Mt90.270 and M45,225 and Mt135.315 (their trans-
posed orthogonal duals), and averaging the results.
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Fig. 1. Automatic phasing for 0°-180°, 45°-225°, 90°-270° and 133°-315° responses

To map the receptive field to the corresponding squared-pixel from the stim-
ulus image, its centroid is calculated. The coordinates from this centroid reveals
the actual image location from where the cell is integrating information.

Reconstruction of Natural Scenes

Once the process of determining and mapping every isclated ganglion cell is
finished. a weighted set of ganglion cells responses (PSTH) is associated with
every squared-pixel. As the original natural scene moves horizontally within a
drum. every cell is mapped to a certain squared-pixel process as a 1 ¥ N row
of image values in the range 0-255. For reconstructing the natural scene, the data
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provided by each different ganglion cells PSTH was normalized between the
ranges of the corresponding row by means of a linear regression. In this way, the
highest firing rate for a given row corresponds to the highest level of gray within
the mentioned row for an ON-type cell. In addition, as some receptive field areas
expand to more than one single row, a weighted sum of each rows adjacency is
taken into account. In this analysis, OFF cells and NRL were rejected.

3 Results

We performed extracellular recordings in three wild-tvpe adult mice retina, A
minimum of 40 retinal ganglion cells were recorded in each animal during each
experiment, All of these were classified according to their preference to light ON,

OFF. ON/OFF and NRL after the flash stimulus (Fig. 2).
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Fig. 2. Raster plot and histogram post stimuli (PSTH) of the four different ganglions
cells after a 700ms light stimulus followed by 2300ms of darkness. Each raster plot
represents the activity measured in action potentials of individual ganglion cells after
a flash stimulus, repeated 30 times, The PSTHs shows the firing frequency (spikes/sec)
during this stimulation. Bin size = 14ms.

Although the position and distance between electrodes is known, the location
of each cell that they recorded from is not. Our goal was to identify the spatial
position of each cell and outline the area of their receptive field. This was done
using the responses recorded after light stimulation with bars (Fig. 3). The aver-
age value of the receptive field in cur population was 0.201 ym =0.026 SE. From
this information we established the actual stimulus area that each cell was able
to decode.

The ganglion cells responses were recorded during the motion of the actual
scene stimulus repeated 30 times within 3 minutes. After =pike sorting, 11 cells
were chosen depending on their location to cover the whole image size (Fig 4).
The data provided by their PSTH were normalized by a linear regression be-
tween the gray values range of the corresponding rows. The image reconstructed
with only 11 cells is visually similar to the actual one (Fig 5). Specifically, for lines
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Fig. 3. Left) The action potential waveforms of a ganglion cell for each directional bar
stimulus and a 3D plot of their receptive field. X axis = =100uV; Y axis = 1.6ms.
Right) Graphical representation of 11 cell receptor fields and from their responses to
the natural scene was reconstructed. Scale bar = 1mm.

Fig. 4. Two examples of ganglion cells receptive fields and how these cells are mapped
to the actual scene location during drum rotation. Scale bar = lmm.

1-6, 7, 10 and 11 ON-type cells responses were selected. The remaining image
was reconstructed based on ON/OFF-type responses.

Bhattacharyya distance was calculated between the reconstructions and pro-
cessed actual images in order to obtain quantifiable information about the simi-
larity of both objects [10]. For this comparative measure the value 1 is assigned
to the biggest difference and 0 to an equal distribution. In all experiments we
obtained values below 0.35 for this index.

However, nonparametric and parametric statistical tests were also performed
using U Mann-Whitney and T student, respectively. In both cases we observed
that there are no significant differences between images, p > 0.05.

If the actual stimuli are unknown the reconstruction can be performed making
the lineal regression between 0-255 gray scale and the ganglion cells responses,
regardless of the receptive field location. In these cases Bhattacharyya distance
value was within the range 0.4-0.5 (Fig 5D).
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Fig. 5. A} The natural scene, 1031 x 159 pixels. B} Sirplified image with pixels grouped
into squares of 15 » 15, C) Image reconstructed based on ganglion cell responses of one
animal, Bhattacharyya distance = 0.32. D) Image reconstructed without weighting
between rows, Bhattacharyys distance = 0.42.

4 Conclusions

As a first approach, our preliminary results suggest that with the responses of
only 11 ganglion cells we are able to reconstruct accurately a complicated natural
image. This allows room for improvement for more accurate reconstruction if we
were to incorporate more cells into our analysis. Moreover, using the proposed
method it is not necessary to know what the natural image actually looks like
for carrying out reconstructions as this can be done blind using the gray scale
values to achieve reliable results. These experiments need to be repeated and
analyvzed using natural images presented at different frequencies of motion as
well as in color to extend our knowledge for a more complete characterization
of ganglion cell function. As this method is robust it can be adapted easily for
characterization in other species.

Qur ultimate goal is to apply the date acquired from this procedure and begin
to compare ganglion cell visual responses in healthy retinas to those suffering
from injury or neurodegenerative visual diseases. This could provide valuable
information to the processes underlving the functional degradation of ganglion
cells in visual impairments.

107



108

Towards the Reconstruction of Moving Images by Populations 227

Acknowledgments. We are very grateful to Sonia Andreu for all her help and techni-
cal assistance, This work has been supported in part by grant MAT2012-338290-C02-01,
by the Bidons Egara Research Chair of the University Miguel Herndndez and by a
research grant of the Spanish Blind Organization (ONCE).

References

1.

10.

Masland, R.H.: The Neuronal Organization of the Retina, Neuron T6(Z),
966-280  (2012),  http://www.cell.com /article/S0896627312008835 abstract,
doi:10.1016/j.neuron.2012.10.002

Hoon, M., Okawa, H., Santina, L.D., Wong, BR.O.: Functional architecture of the
retitta: Development and disease. Progress in Retinal and Ese Research 42, 44—
84 (2014}, http://www.sciencedirect.com/science/article/pii/5135094621400038X,
doi:http: / /dx.dol.org/10.1016/].preteyeres. 2014.06.003

Gollisch, T., Meister, M.: Eye smarter than scientists believed: Neural
computations in circuits of the retina. Neuron 65(2), 1530-164 (2010),
http: / /www.sciencedirect.com fscience farticle/pii /S0896627300009994,

doi:http:/ /dx.dolorg/10.1016/f.neuron. 2009.12.00

Nirenberg, 5., Pandarinath, C.: Retinal prosthetic strategy with the capacity to
restore normal vision. Proceedings of the National Acadermy of Sciences 109(37),
15012-15017 (2012),

arXiv:http:/ [www.pnas.org/content /109 /37 /15012 full. pdf+htrml,
doi:10.1073/pnas. 1207035109

. Fernandez, E., Ferrandez, J.-M., Ammermiiller, J., Normann, R.A.: Population

coding in spike trains of simultaneously recorded retinal ganglion cellsl. Brain
Research 887(1), 222-2229 (2000).

http:/ /www.sciencedirect.com/science/article /pii /S0006899300030729, doi:
http://dx.dol.org,/10.1016/50006-29930003072-9

Bongard, M., Micol, D., Fernandez, E.: NEV2lkit: A new open source tool
for handling neural event files from multi-electrode recordings. Interna-
tional Journal of Neural Systerms 24{04), 1450008, pMID: 24604167 (2014),
arXiv:http: / /fwww. worldscientific.com /doi /pdf/10.1142 /50129065714500099,

doi: 10,1142 /50128065714500098

. Straw, A.D.: Vision egg: An open-source library for realtime visual stimulus gen-

eration. Frontiers in Neurcinformatics 2,

http://dx.doi.org,/10.3389 /neuro.11.004.2008, deoi:10.3389/neuro.11.004.2008

Van Wyk, M., Wissle H., Taylor., W.R.: BReceptive field properties of
on- and ofl-ganglion cells in the mouse retina. Visual Neuroscience 26,
207-308 (2009), http: / /journalz.cambridge.org/article_ S0952523809990137,
doi:10.1017 /50952523809900137

Zhang, Y., Kim, 1-J., Sanes, JR., Meister, M.: The most numerous gan-
glion cell type of the mouse retina is a selective feature detector. Pro-
ceedings of the Natlonal Academy of Sciences 109(36), E2391-E2398
(2012), arXiv:http: //www.pnas.org/content /109 /36 /E2391 full. pdf+html,
http:/ /www.pnas.org/content /109,36 /E2391.abstract,

doi:10.1073/pnas. 1211547104

Goudail, F., Réfrégier, P., Delyon, G.: Bhattacharyya distance as a contrast param-
eter for statistical processing of noisy optical images. J. Opt. Soc. Am. A 21(7),
1231-1240  (2004),  http://josas.osa.org/sbstract.cfm?URI=josas-21-7T-1231,
doi:10.1364/JO5A A 21001231



3. Discusion y aportaciones

3.1. Aspectos morfologicos

La geometria fractal

Partiendo de la utilidad del analisis fractal como herramienta para identificar
y clasificar tipos y clases de neuronas, algunos investigadores comenzaron a
usar la metodologia de los multifractales para intentar resolver el problema
de que neuronas a simple vista muy diferentes tenian una misma dimension

fractal (Smith y Lange, 1996).

Un multifractal es un fractal que, en lugar de tener un tnico exponente
caracteristico de escalamiento -que nos da el valor de su dimension-, tiene
toda una distribucion continua de ellos. La idea que subyace en el uso de este
concepto en las neuronas es un intento de caracterizar aquellas zonas del
arbol dendritico diferenciadas por tener su propia dimension fractal, que

puede ser distinta a la global de la neurona.

En el primero de los articulos presentados en esta tesis (Ferndndez et al. 1999)
estudiamos los aspectos teodricos y practicos del calculo de estas dimensiones
multifractales, Dg, en las neuronas. Para contrastar los métodos utilizados -y
conseguir asi una mejor interpretacion de los resultados obtenidos - los
aplicamos también al estudio de los modelos de agregacion por difusion

limitada (DLA). Estas estructuras tienen una cierta semejanza morfologica
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con algunas neuronas y, ademads, su geometria multifractal ya habia sido

analizada.

Con el procedimiento de recuento de cajas obtuvimos, tanto en las neuronas
como en los DLA, unos resultados anomalos, debidos a efectos de tamafio
que inciden en los calculos que se realizan. Estos resultados son
incompatibles, (Opheusden et al. 1996), con la definicion y las propiedades
basicas de la multifractalidad ya conocidas lo que nos indicaba lo

inapropiado de este método.

Con el método sand-box aplicado a las neuronas si que obtuvimos el
comportamiento esperado (Witten y Sander, 1983) de las dimensiones
generalizadas Dg, lo que aparentemente significaba que las neuronas son
multifractales. Pero al tener en cuenta los resultados obtenidos en los DLA y
compararlos con los de otros autores, (Vicsek et al. 1990), observamos
importantes diferencias y hubo que reconsiderar esta conclusion. Nuestros
resultados mds bien confirmaban la hipotesis de Lam (1995), quien afirma
que la aparente multifractalidad de los DLA obtenida en el estudio citado se
debe a un efecto por el uso de tamanos finitos, que produce la desviacion
observada en las dimensiones con respecto a lo que seria un escalamiento

unico.

Esta interpretacion aporta una descripcion verosimil de todos los resultados
numéricos obtenidos en los DLA finitos y en las neuronas y es una
explicacion suficiente de su aparente multifractalidad; se ha demostrado que
conduce, al menos en el caso de los DLA, a predicciones erréneas. Como
consecuencia tampoco en el caso de las neuronas la interpretacion de la

presencia de un conjunto de dimensiones distintas -un escalamiento
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complejo- esta suficientemente fundamentada, y por lo tanto no podemos
concluir, a partir de los resultados obtenidos, que las neuronas sean

multifractales.

Los mosaicos en la retina. La V-proporcion

Continuando con los estudios morfologicos pasamos después a estudiar
como se distribuyen los diferentes tipos celulares dentro de la retina. Para
evaluar como estan formados los mosaicos retinianos hay disponibles varias
técnicas cuantitativas: calculo de densidades, autocorrelacion, indices de
regularidad, etc. Nosotros desarrollamos un nuevo método basado en el
diagrama de Voronoi o teselacion de Dirichlet que permite el analisis de los
patrones de interaccién entre las poblaciones celulares. Le pusimos el

nombre de V-proporcion.

En su version inicial aplicamos este método para determinar la correlacion
espacial entre los conos azules y las células horizontales sin axon de los
felinos (Ahnelt et al. 2000). En la mayoria de los mamiferos los conos azules
representan aproximadamente un 10% total de conos y estan organizados de
forma poco regular (Anhelt, 1987), (Kouyama and Marshak, 1997), (Galli-
Resta et al., 1999). Por el contrario, las células horizontales sin axén que
conectan solo con conos se distribuyen regularmente. El hecho de que estas
células horizontales presenten formas alargadas e irregulares y realicen
contactos sindpticos con la mayor parte de los conos dentro de sus campos

dendriticos hizo que nos plantedramos este estudio.

La razon de basar el disefio de la V-proporcion en el diagrama de Voronoi es

que los poligonos que con €l se obtienen se aproximan mejor a la distribucion
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de los campos dendriticos de las células horizontales que las areas circulares.
Una vez construido el diagrama para la poblacion de estas células, nuestra
referencia en este caso, incorporamos alrededor de sus lados unas bandas
cuya anchura es proporcional a la distancia al centro del poligono (el soma
de la célula). La proporcion de neuronas del otro mosaico que estd en esas

bandas cuantifica y, en cierto modo, localiza la correlacion existente.

Al aplicar el método a nuestros datos, el mosaico de conos azules mostr6 una
correlacion espacial negativa con respecto al de las células horizontales. Se
observo un gradiente en la distribucion de conos azules que tienden a evitar
el cuerpo y las dendritas primarias de las células horizontales y predominan
en los limites de los poligonos de Voronoi. Esto da lugar a que la proporcién
de conos azules/no azules sea diferente en el centro y la periferia de estas
células horizontales, hecho que puede tener importantes implicaciones en el

procesamiento de la informacién del color en la retina.

Comprobada la utilidad del método que habiamos ideado decidimos
profundizar en su desarrollo efectuando varias mejoras, comparandolo con
otros métodos que estudian las relaciones espaciales entre diferentes
poblaciones celulares y evaluando los resultados que proporciona tanto en

simulaciones como en datos reales (Martinez et al., 2010).

Solventamos el problema de los efectos de borde caracteristicos de métodos
similares considerando para el estudio el area comprendida en el
recubrimiento convexo de la poblacion de referencia. Afiadimos la posterior
construcciéon de simulaciones aleatorias de la distribucién de las dos
poblaciones para poder contrastar asi la significancia de los resultados

mediante un test de Montecarlo. Esto permite -ademas de comprobar si hay
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atracciones, repulsiones o ninguna relacién- asociar un intervalo de
confianza al comportamiento resultante en los distintos anchos de banda
considerados, consiguiendo asi informacion adicional al detectar en qué

zonas se producen mayores desviaciones con respecto a las simulaciones.

Para validar el método lo aplicamos a poblaciones simuladas, generadas
siguiendo distribuciones de probabilidad matematica que reflejaran
correlaciones positivas, negativas o independencia. En todos los casos la V-
proporcion detectd certeramente dichas interrelaciones. Por ultimo, lo
usamos también en poblaciones reales de células comparando nuestros
resultados con trabajos previos en los que se analizaron los mismos datos. La
similitud entre las conclusiones obtenidas en nuestro estudio y las de dichos
trabajos confirma la efectividad del método de la V-proporcion que, como ya
hemos comentado, presenta la ventaja adicional de aportar mas informacion

sobre la situacion de las neuronas de las poblaciones.
3.2. Codificacion y decodificacion

El codigo neuronal

Otro de los problemas estudiados fue el del cédigo neuronal: analizar los
trenes de potenciales de accion con los que las células ganglionares de la
retina responden a los estimulos para dilucidar cuales son los parametros

mas relevantes con los que transmiten la informacion visual.

En un primer trabajo los analizamos usando redes neuronales artificiales
(Ferrandez et al. 1999) como alternativa novedosa a los diversos tipos de

analisis estadistico utilizados habitualmente.
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Las redes neuronales artificiales intentan simular procesos mentales como el
aprendizaje, la memoria asociativa, la generalizacion, etc. por medio de
modelos matematicos simples que imitan la actividad funcional del sistema

nervioso sin descender a considerar los procesos quimicos que la causan.

En nuestro trabajo hemos usado dos redes distintas. La primera fue la de
propagacion hacia atras (BackPropagation) de tres capas con 20 nodos en la
capa oculta. La capa de salida consistia en tantas unidades como clases se
querian reconocer. Con esta arquitectura cada unidad de la capa de salida

solo dispara para un cierto estimulo mientras el resto no se activa.

El sistema de entrenamiento en este tipo de red consiste en el siguiente
proceso: empezar con unos pesos sindpticos cualquiera e introducir unos
datos iniciales de entrada (en la capa de entradas) elegidos al azar entre los
que se van a usar para el entrenamiento; la red genera entonces un vector de
datos de salida (propagacion hacia delante) usando una determinada
funcién de activacidn; se compara la salida generada con la deseada y la
diferencia obtenida (error) se usa para ajustar los pesos sindpticos de los
nodos de la capa de salida; de un modo similar el error se propaga hacia
atras, hacia la capa anterior, ajustando los correspondientes pesos sinapticos
y asi hasta que se alcance la capa de entradas. Este proceso se repite con los

diferentes datos de entrenamiento.

La otra red usada fue la LVQ (Learning Vector Quantization) de Kohonen
supervisada, con 16 unidades en la capa competitiva y una tasa de
aprendizaje de 0.05. Pertenece a la categoria de las redes competitivas o
mapas de autoorganizacion. En ellas los nodos mas parecidos al vector de

entrada incrementan su peso como respuesta a esa entrada, mientras el peso
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del resto disminuye -salvo el de sus vecinas mas cercanas-. Esto establece
una relacion topolodgica en el mapa. El tamafio de la vecindad disminuye a lo
largo del entrenamiento; en eso consiste la autoorganizacion. La principal
ventaja de usar el tipo LVQ es que se necesita menos tiempo para alcanzar

los criterios de convergencia.

Ambas redes neuronales indican que el cerebro puede potencialmente
obtener informacion sobre las caracteristicas del estimulo de las respuestas
de la poblacion, pero no tanto de las de las células aisladas. Los parametros
mas relevantes en la codificacion del estimulo han resultado ser el nimero
de espigas (la tasa media) y el tiempo exacto de la primera espiga tras el
estimulo. El hecho de que con ambos estimulos se obtengan similares -y
elevados- indices de estimacion parece indicar redundancia en la transmisién
de la informacidn, lo que esta relacionado con la robustez del sistema para

transmitir datos.

En el siguiente trabajo (Ferrandez et al., 2002) abordamos las mismas
cuestiones, pero usando herramientas propias de la Teoria de la Informacion
de Shannon-Weaver, (Shannon, 1949), porque permiten cuantificar la

transmision del codigo.

En este estudio hemos ido cambiando el niimero de neuronas de la
poblacion para observar si la cantidad de informacion crece linealmente con
el tamano de la poblacion o se satura produciendo un fenémeno de
redundancia. Observamos que las células con mas variabilidad en su
respuesta transmiten mads informaciéon y que, nuevamente, la poblacién

transmite mucho mas que las células individuales.
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Al analizar la informacién contenida en poblaciones de tamafio creciente se
vio que al principio el nimero de bits transmitido crece linealmente con el
tamafio pero que a partir de cierto nimero de células deja de hacerlo debido
a que la informacion se satura. El comportamiento no es sinérgico, ni
independiente, sino redundante: siempre hay un nimero de células que es
capaz de transmitir casi el 100% de la informacion; por tanto, anadir mas
células al conjunto no proporciona mas informacion. Nuevamente
observamos redundancia, que puede ser util para conseguir la robustez
requerida para que la retina mantenga sus funciones en circunstancias

adversas.

Distinguir grupos de neuronas sincronicas

Estas conclusiones de saturacion y robustez del sistema nos condujeron al
intento de clasificar las respuestas neuronales de la poblacién para poder
detectar interacciones entre subgrupos de neuronas que permitieran reducir

los datos manteniendo la informacion relevante sobre el estimulo.

Asi en Bonomini et al. (2005a) desarrollamos y validamos un método para
este propodsito basado en dos comportamientos distintos: periodicidad y
respuesta del estado latente. Consiste en crear grupos de neuronas
relacionadas definiendo un conjunto inicial basado en los autocorrelogramas
o los histogramas del tiempo periestimulo de las unidades y después
agrupando las neuronas minimizando la distancia entre las de una clase y
maximizando por el contrario las distancias entre diversas clases.
Comprobamos su eficiencia para identificar subpoblaciones coherentes

dentro de la poblacion registrada, a pesar de ser sencillo y versatil.
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Este método de clasificacion lo incorporamos en DATA-MEAns, un
programa libre de codigo abierto explicado en Bonomini et al., (2005b) y
puesto a disposicion de la comunidad cientifica para facilitar un analisis
sencillo de los datos registrados con multielectrodos. Su principal ventaja es
que utiliza ficheros ASCII, lo que facilita que pueda ser usado por cualquier
paquete grafico, estadistico matemdtico con el que un laboratorio de

neurociencia esté habituado a trabajar.

Decodificacion: evaluar resultados

Finalmente hemos intentado estudiar mecanismos para decodificar la
informacién visual que las células ganglionares de la retina transmiten
cuando se estimulan con imdgenes que no son estaticas, que se mueven y
que son lo mas realistas posible. Ello ha dado lugar al altimo de los articulos
que incluimos (Diaz-Tahoces et al. 2015) y a otro articulo que actualmente se

encuentra en fase de preparacion.

Basicamente hemos presentado un procedimiento que permite reconstruir
con cierta precision una imagen compleja tomada de la naturaleza a partir de
las respuestas, registradas simultaneamente, de varias células ganglionares
de la retina. De hecho, hemos conseguido reconstruir una imagen compleja
con tan solo 11 células ganglionares. Para medir de algin modo dicha
precision hemos comparado las imagenes original y reconstruida mediante
diversos métodos, optando finalmente por el de calcular la distancia de
Bhattacharyya. Esta cuantificacion nos permite contrastar los resultados con
los que se obtengan al incorporar mas células al andlisis o al utilizar otros
posibles procedimientos de reconstruccion del estimulo, evaluando asi si son

mas exactos.
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También puede resultar util para comparar los datos obtenidos con este
procedimiento de decodificacion al aplicarlo a retinas sanas con los que
resulten al estudiar retinas dafiadas o que sufran enfermedades visuales
neurodegenerativas, permitiendo conocer mejor los deterioros que se hayan

producido en los aspectos funcionales de las células ganglionares.
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4. Conclusiones y lineas futuras

Conclusiones.

A partir de los resultados de los trabajos que presentamos en esta memoria
de tesis podemos extraer varias conclusiones, unas relacionadas con el
procesamiento de la informacion en la retina y otras sobre la validez e interés
de los métodos matematicos desarrollados y utilizados para su estudio.
Teniendo en cuenta ambos aspectos consideramos que las conclusiones

principales son las siguientes:

1. No se puede concluir que las neuronas son multifractales debido a
la incidencia en los calculos de efectos de tamafio que impiden una

interpretacion exacta de los resultados numéricos.

2. La V-proporcion es un método util y eficaz para estudiar las
relaciones espaciales entre dos conjuntos distintos de células que

indiquen posibles dependencias funcionales entre ellos.

3. El cddigo poblacional posee una mayor capacidad discriminativa
de los estimulos que la codificacién individual, proporcionando
una determinada inmunidad al ruido a través de la redundancia
en la codificacion, ya que la tasa de acierto de la poblacion se

satura a partir de un numero determinado de células.
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4. Es posible desarrollar métodos efectivos para clasificar las
neuronas segun su respuesta, identificando asi subgrupos
coherentes en la poblacion registrada que permitan reducir la

cantidad de informacion significativa.

5. Se pueden obtener valores cuantitativos de la semejanza entre las
escenas naturales utilizadas en los estimulos y las reconstruidas a
partir de las respuestas de grupos de células ganglionares. Esto
permite analizar y entender mejor los procesos de decodificacion

de la informacion visual.

Lineas futuras

1.- Generalizar el método de la V-proporcion a tres dimensiones

120

Los avances técnicos en microscopia electronica permiten conocer y
estudiar mejor la morfologia tridimensional de las neuronas
individuales y las células glia, lo que hace posible utilizar el cdlculo de
estadisticos espaciales asociados a objetos tridimensionales (Eglen et
al., 2008) y estudiar la disposicion espacial de las neuronas que estan
disparando sincronicamente. En este sentido seria interesante
generalizar el método de la V-proporcion a tres dimensiones y por
otro lado intentar localizar con mas precision los circuitos neuronales
que subyacen en la actividad sincronica de grupos de células

retinianas.
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2. El papel de las células glia

Tradicionalmente se ha asumido que la funcidon de las células de
Miiller en la retina de los vertebrados es fundamentalmente dar
soporte a las neuronas que transmiten la informacién. Sin embargo,
los trabajos de Reichenbach y sus colegas en la Universidad de
Leipzig han mostrado que ademas facilitan la transmision de los
fotones a través de la retina hasta los fotorreceptores (Franze et al.,
2007) y mejoran la relacion sefial/ruido minimizando la dispersion de
luz intrarretiniana (Reichenbach y Bringmann, 2013). También se
conoce que contribuyen a la generacion de la onda b del
electrorretinograma mediante la regulacion de la distribucién de
potasio a través de toda la retina (Newman y Odette, 1984). Cabe
preguntarse pues si estas células glia tienen algin papel en la
transmision de las imdagenes y en ese caso como se puede

implementar en el diseno de la retina artificial.
3.- Uso de técnicas de Big Data.

En los experimentos con el uso de multielectrodos cada vez se registra
una mayor cantidad de células. Para estudiar las interacciones entre
un gran numero de ellas se necesitan utilizar herramientas estadisticas
capaces de gestionar el procesado y andlisis de datos de tamafio
ingente. Esta situacion se esta produciendo también en otros campos
cientificos porque los dispositivos electronicos y las redes sociales son
una fuente inagotable de datos. Ha aparecido asi el concepto de Big
Data. Los cientificos e investigadores especializados en el andlisis de

datos se enfrentan al reto y la necesidad de describir de un modo
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eficiente grandes cantidades de datos con nuevas herramientas ya que
usar los procedimientos tradicionales seria excesivamente costoso y

tardaria mucho tiempo computacional.

Recientemente la revista Nature Neuroscience (2014) ya ha dedicado un
numero especial a presentar diferentes tipos de big data en
neurociencia, asi como a discutir distintos aspectos controvertidos

sobre su uso y utilidad.

Desde el punto de vista de nuestros estudios puede ser de gran interés
utilizar con los datos neuronales registrados en los experimentos las
nuevas técnicas y estrategias que se estan desarrollando como
consecuencia de este fenomeno, aunque, como ya se ha dicho por
varios expertos (Lloret-Villas et al., 2016), ello requerird que los datos

sean mas abiertos e integrados.

4.- Uso de wavelets.
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La actividad neuronal es variable. Las respuestas ante presentaciones
repetidas de un mismo estimulo presentan variaciones, debidas en
parte a la plasticidad neuronal. Nos planteamos intentar utilizar en
futuros trabajos métodos matematicos mas especificos que sean
capaces de decodificar informacién en procesos no estacionarios con
caracteristicas que varian con el tiempo. Una posibilidad es analizar
las senales obtenidas de los registros multicelulares mediante
transformaciones basadas en ondiculas (wavelets, en inglés, es el

término con el que son mas conocidas).
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Aunque se han desarrollado principalmente gracias a su eficacia para
codificar imagenes de un modo eficiente ya se han comenzado a usar
para estudiar la dindmica de los sistemas neuronales. Se han aplicado
fundamentalmente al problema de clasificar los potenciales de accion
segun su forma (Hulata ef al. 2000), (Letelier y Weber 2000), (Pavlov et
al. 2007), y al andlisis de electroencefalogramas (Hramov et al. 2015),
obteniéndose hasta el momento resultados bastante prometedores.
Dado que permiten comprimir grandes cantidades de informacion
creemos que puede ser interesante explorar los resultados que nos
proporcione utilizarlas en los registros neuronales obtenidos con

multielectrodos.
5.- Consecuencias de un codigo fuertemente dindmico.

Un trabajo reciente (Tikidji-Hamburyan et al. 2015) ha mostrado que la
actividad combinada de las células ganglionares de la retina depende
de la luminosidad ambiental: con cada cambio en el nivel de luz la
respuesta de una gran fraccion de células ganglionares cambia
cualitativamente. Incluso las caracteristicas de las respuestas
neuronales que se consideran fundamentales como las que permiten
clasificarlas en ON, OFF u ON-OFF dependen dindmicamente de las

condiciones globales del estimulo.

Esto obliga a explorar las potenciales consecuencias que un codigo
retiniano fuertemente dindmico tiene para nuestra actual comprension
de la funcion y el procesamiento visual de la retina. A la vista de esta
dependencia de los patrones de respuesta de las células ganglionares

de la retina con respecto a las condiciones ambientales parece
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necesario reevaluar tanto las teorias sobre como codifica la retina los

estimulos visuales como los modelos de decodificacion de los

estimulos por dreas cerebrales superiores.
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