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Resumo en galego

Esta tese sitdase no dmbito da aprendizaze automadtica, que se poderia definir como un
conxunto de técnicas (tamén chamadas modelos) para a prediccion de valores a partir de datos
empregando exemplos. Estes exemplos inclden o valor a predecir (chamado normalmente
saida do modelo) e os datos empregados para realizar esta prediccion (entradas do modelo).
As entradas son vectores multi-dimensionais (patréns) compostos por valores numéricos que
poden ser continuos ou discretos. Se a saida a predecir € continua, falase dun problema de
regresion, e o modelo chdmase regresor. Se o valor € discreto, falamos de problema de clasifi-
cacidn e de clasificadores. Os exemplos empregados para construir o modelo de aprendizaxe
automadtica compofien o que normalmente se chama “conxunto de entrenamento”.

A dimensionalidade do patrén € en xeral elevada, e isto dificulta entender a dependencia
entre cada entrada e a saida, xa que cada entrada infliie na saida de forma distinta dependendo
das outras entradas. Por esta razon, seria interesante dispor dun mapa bi-dimensional onde se
representase, por exemplo mediante un c6digo de cores, a saida que se deberia predecir nas
distintas rexions do espazo de entrada (€ decir, facer unha prediccion para cada un dos posibles
valores dos patréns). Nos problemas de clasificacion, este mapa seria similar aos mapas
xeograficos politicos, onde cada clase seria como un pais no mapa. Cofiecendo a localizacién
dun patrén neste mapa poderiamos predecir a qué clase pertence. Ademais, poderiamos saber
que clases estdn adxacentes ou cercanas, caso no cal seria facil confundir os seus patréns
porque son parecidos, ou lonxanas, caso no cal serfa dificil confundir os seus patréns porque
son moi diferentes. Un mapa deste tipo permitirfa tamén saber se existe sobreposicién ou
coincidencia entre clases, e entre que clases se produce esta sobreposicién. Similarmente,
en problemas de regresién este mapa seria similar aos mapas de temperaturas, ou aos mapas
topogréficos de elevacidns do terreo, nos que se representa a temperatura cun cédigo de cores,
e novamente sabendo a localizacién dun patrén obteriamos o valor a predecir. Isto permitiria
saber en que direcciéns medra ou diminte este valor, con que velocidade, e cais son as rexions
con valores baixos, medios ou altos.

A tese formula algoritmos para a visualizacién bi-dimensional (en 2D) de problemas de
clasificacién e regresion. Estes algoritmos, chamados ultra-fast 2D classifier (UF2DC) e
ultra-fast 2D regressor (UF2DR), desefiaronse co obxectivo de realizar a clasificacion ou

regresion sobre o propio espazo 2D. Para isto, emprégase a técnica cldsica de andlise dis-
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criminante linear (LDA) para proxectar os datos multi-dimensionais orixinais ao espazo 2D.
Seleccionouse esta técnica entre as moitas que existen para a reduccién da dimensionalidade
debido aos seus bos resultados para a clasificacién en 2D, demostrados en traballos de investi-
gacidn anteriores, e pola sia elevada eficiencia computacional. Ainda que o LDA se emprega
para problemas de clasificacion e reduccién da dimensionalidade, nesta tese ampliamos o
seu uso a problemas de regresion, discretizando a saida en niveis manexados como clases e
empregando LDA para a stia proxeccion ao espazo bi-dimensional.

Os patréns de entrada proxectados ao espazo 2D usanse para crear un mapa de clasifi-
cacién ou regresiéon. Emprégase o mesmo rango de valores nas coordenadas horizontal e
vertical deste espazo, definindo asi un mapa cadrado. Este mapa dividese nun nimero de
cadrados (ou pixeles, se consideramos 0 mapa como unha imaxe), cada un dos cais se aso-
ciard a un valor da saida que representa unha etiqueta de clase en problemas de clasificacion,
ou un valor numérico en problemas de regresiéon. Deste modo, para predecir a saida ante un
patrén de entrada multi-dimensional abonda con proxectar este patrén ao espazo 2D, localizar
o cadrado do mapa ao cal se proyectou este patrén e proporcionar como prediccion o valor do
mapa nese cadrado.

Para executar este proceso, o primeiro paso consiste en seleccionar un nimero axeitado
de cadrados en base ao tamano do conxunto de entrenamento. Porque, dependendo deste
tamano, serd necesario un mapa mdis o menos detallado, dito noutras palabras, con mais ou
menos resolucién. E importante destacar que nos métodos propostos este niimero de cadra-
dos estd acotado superiormente, o cal resulta importante para garantir a sda eficiencia en
problemas con moitos patréns de entrenamento. Considerando este nimero de cadrados e o
rango de valores das coordenadas do mapa, é posibel determinar os indices horizontal e ver-
tical do cadrado ao que se proxectou un patrén de entrada para o cal se desexa realizar unha
prediccion. Neste punto, o desefio dun procedemiento eficiente require lixeiras diferenzas

entre os problemas de clasificacion e regresion.

1. Nos problemas de clasificacion, definese a clase asociada a un cadrado como a mdis
votada entre tédolos patrons de entrenamento que son proxectados a este cadrado. Con
este fin, créase para cada clase unha matriz de poblaciéns que indica o nimero destes
patréns que se proxectaron a cada cadrado. A prediccidn asociada a un cadrado definese
como a clase con meirande poboacién no mismo (é decir, faise unha votacién). Como
en xeral o nimero de cadrados é meirande que o de patrdns, existirdn moitos cadrados

sen patréns nos que non se pode realizar esta votacion. Para resolver este problema de
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forma eficiente, esténdese o dmbito espacial (normalmente chamado “mascara”) sobre o
que se realiza a votacién. Con este fin, partese do cadrado baleiro orixinal e auméntase
o tamano da mdscara, sempre conservando unha forma cadrada, ata incluir cadrados

con patrdns.

2. Nos problemas de regresion, a votacion € substituida por un promedio da saida, que
€ un valor numérico, sobre tédolos patréns de entrenamento que foron proxectados a
este cadrado. Con este fin, créanse dias matrices. A matriz de saida contén elementos
cuxo valor € a suma das saidas de tédolos patréns de entrenamento que se proxectaron
ao cadrado asociado a este elemento. A matriz de poboacién contén elementos cuxo
valor é o nimero destes patréns de entrenamento proxectados ao devandito cadrado.
Cada unha destas ddas matrices contén un valor para tédolos cadrados do mapa. O
valor a predecir para un patrén proxectado a un cadrado serd o cociente entre os seus
elementos correspondentes nas matrices de saida e de poboacién. Similarmente ao
caso de clasificacion, este procedemento non pode realizarse con cadrados baleiros.
Por isto, o promedio esténdese a unha mdscara centrada no cadrado considerado, co
tamano minimo necesario para incluir cadrados aos que se proxectou algtn patrén de

entrenamento.

A extension da mdscara require efectuar unha busca que pode estenderse mdis ou menos
sobre os pixeles do cadrado 2D ao que se proxectan os patréns de entrenamento. Este proceso
pode resultar custoso computacionalmente. Por esta razén, a tese inclie un procedemento
eficiente para poder empregar UF2DC e UF2DR en problemas de clasificacién y regresion
grandes, tanto en nimero de patréns de entrenamento como de entradas ou clases. O pseu-
docédigo deste procedemento incliese tamén na tese.

O mapa de clasificacién codificase na matriz de mapa, onde cada elemento € a predic-
cion (etiqueta de clase para problemas de clasificacion, ou valor da funcién en problemas de
regresion) asociada ao seu cadrado correspondente no mapa. O tamano desta matriz € relativa-
mente reducido para garantir a eficiencia dos métodos propostos, tanto en velocidade como en
requerimentos de memoria RAM. Nembargantes, este tamano resulta escaso para unha visu-
alizacion detallada do mapa de clasificacidn/regresion, que debe ter unha resolucién superior.
Por isto, a partir desta matriz créase a matriz de imaxe, de meirande tamano, que codifica
a imaxe que se visualizard do mapa, mentres que a matriz de mapa usarase somentes para

formular unha prediccion. A matriz de imaxe créase: 1) aumentando a matriz de mapa e rea-
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lizando un promedio cun nticleo de forma rectangular; e 2) realizando na imaxe un suavizado
que aplica la funcién moda estatistica por grupos de cadrados sobre a imaxe.

O traballo experimental ilustra graficamente o funcionamiento de UF2DC e UF2DR en
exemplos de ddas e mdis dimensions. Neles moéstrase a sia capacidade para elaborar repre-
sentacions espaciais separadas e coherentes das distintas clases, ou dos distintos valores da
funcién a predecir en problemas de regresion. Os experimentos de validacion estatistica re-
alizan una comparativa dos métodos propostos sobre 26 problemas de clasificacién, algtins
deles binarios, e 23 problemas de regresién. Todos estes problemas estdn considerados como
de referencia na literatura, estan dispofiibeis nos almacéns publicos de datos e son usados con-
stantemente no ambito da aprendizaxe automadtica. Incliense problemas de grande tamano,
ata 5 milléns de patréns e 719 entradas en clasificacion, e ata 4 milléns e 482 entradas en
regresion.

Na clasificacién, a comparativa inclie o algoritmo SVM (support vector machine con
nicleo gausiano), aplicado nos patréns multi-dimensionais orixinais; LSVM (idem usando
un ntcleo linear) nos patrdns orixinais; PNN (probabilistic neural network) sobre os patréns
orixinais, bi-dimensionais e h-dimensionais, sendo A=ndmero de clases menos 1; ¢ WSVM
(proxeccién dos datos orixinais a 2D usando unha rede neuronal RBF, radial basis funcion,
desefiada para optimizar a clasificacién dunha SVM con cerne linear dacordo coa aproxi-
macién denominada wrapper na literatura). Incluironse os clasificadores LSVM e PNN na
comparativa pola suda eficiencia computacional en problemas grandes. O acerto acadado por
UF2DC clasificando os patréns en 2D € similar aos obtidos polos outros métodos usando os
patréns orixinais na maioria dos problemas (20 de 26), sendo a diferencia aprecidbel somentes
nos 6 problemas restantes. No tocante 4 velocidade de execucién, UF2DC € entre 10 e 1000
veces mdis rapido que os outros clasificadores considerados, e a diferencia aumenta moito co
tamano dos datos. De feito, no problema madis grande, con 5 milléns de patréns, UF2DC e
LSVM son os unicos clasificadores capaces de executarse, obtendo acertos similares. Nem-
bargantes, o primero tarda so 3 minutos mentres que o segundo tarda 30 horas, a pesar de
estar desefiado especificamente para datos grandes. O traballo experimental tamén avalia o
tiempo empregado por UF2DC para crear a matriz de imaxe, tempo que non supera 0 minuto
en ningin problema de clasificacién considerado.

A experimentacién de UF2DR en problemas de regresion incliie unha comparativa con
SVR (support vector regression con nucleo gausiano), aplicado aos patréns orixinais; LSVR

(idem con niicleo linear), aplicado aos patréns orixinais; € GRNN (generalized regression



neural network), aplicada aos patréns orixinais, bi-dimensionais e s-dimensionais. Tanto
LSVR como GRNN foron incluidos pola stia velocidade en problemas grandes. A correlacién
acadada por UF2DR cos patréns 2D € moi similar 4 obtida usando os restantes métodos en
19 de 23 problemas. Canto 4 velocidade, o método proposto executouse en tdédolos pro-
blemas, e no mdis grande (4.1 milléns de patréns) tarda 2.3 minutos mentres LSVR necesita
53 minutos. Avaliouse tamén a sensibilidade da prediccién a respeito do nimero de niveis
usados para cuantificar a saida nos problemas de regresién. Os experimentos demostran que
esta sensibilidade non é excesivamente elevada, e que o nimero de niveles (10) empregado
nos experimentos ¢ unha eleccién axeitada que proporciona uns resultados moi cercanos aos
Optimos.

Hai que destacar que UF2DC e UF2DR, ademais de executar a prediccién en 2D con
fiabilidades similares a outras aproximaciéns competitivas na literatura, permiten visualizar a
estructura dos datos en problemas de clasificacién e regresion, proporcionando explicaciéns
4s caracteristicas e propiedades destes problemas. Como se comentou anteriormente, estas
propiedades incluyen, nos problemas de clasificacion, superposicién e relaciéns de cercania
ou lonxania entre clases, e nos problemas de regresion, rexiéns de valores baixos, medios e
altos, e direcciéns de aumento e diminucién da funcién a predecir.

A segunda parte da tese aborda a prediccién automética de comportamentos en base a
informacién sensorial para o tratamiento da desorde de espectro autista na infancia e adoles-
cencia. Esta investigacién realizouse en colaboracién co Grupo de Medicina Xenémica! da
Universidade de Santiago de Compostela. As persoas que experimentan a desorde de espectro
autista sufren problemas de procesamiento sensorial do entorno (interese inusual, ben hiper-
ou hipo-reactivo, cara estimulos visuais, auditivos, olfactivos ou tictiles) e tamén problemas
de comportamento (aillamento e falla de interaccién social, problemas na comunicacién non
verbal, comportamentos repetitivos e restrinxidos, irritabilidade, ansiedade e depresion). As
alteracions sensoriais detéctanse a idades moito mdis temperds, xa nos primeiros meses de
vida, que os problemas de comportamento, que se manifiestan a idades posteriores e ainda na
adolescencia, tendo un grande impacto no desenvolvemento persoal e as relacidns sociais da
persoa afectada.

A literatura demostrou a existencia de relacions entre alteracions sensoriais e problemas
de comportamento. Ambolos dous analizanse empregando sendos cuestionarios: sensory

profile-2 (SP2) e child behavior check-list (CBCL), que proporcionan medidas estandarizadas

Thttp://www.xenomica.eu
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do desenvolvemento persoal e guias para intervencidns clinicas. Os métodos de aprendizaxe
automadtica aportan interesantes posibilidades para o estudo das relacions entre ambos e chegar
asi a saber en que medida un deles € ttil para predecir o outro. Especificamente, nesta tese
0 obxectivo € usar as respostas do cuestionario SP2, que avalia problemas sensoriais, para
predecir as respostas no cuestionario CBCL, que avalia problemas de comportamento. No
cuestionario SP2 empréganse normalmente 6 grupos de respostas, cada unha delas con va-
lores entre 0 e 5, chamados en inglés avoiding, registration, seeking, sensitivity, total and
touch. Cada grupo inclie unha serie de respostas do cuestionario, e fotal inclie tdédalas res-
postas. No cuestionario CBCL empréganse usualmente 11 indicadores, que toman valores
entre 0 e 100. Cada un deles calctlase a partir dos valores dun grupo de respostas. Estes
indicadores son: anxious/depressed, withdrawn/depressed, somatic complaints, social pro-
blems, thought problems, attention problems, rule-breaking behavior, aggressive behavior,
internalizing problems, externalizing problems e total (este tltimo indicador calctlase a partir
de tédalas respostas do cuestionario). Como os valores destes indicadores do cuestionario
CBCL son numéricos, a sta prediccion constitde un problema de regresion. Empregaronse os
cuestionarios de 72 participantes con idades entre 6 e 14 anos.

Para a prediccion dos 11 grupos do cuestionario CBCL empregouse unha coleccién de 26
métodos de aprendizaxe automdtica para regresion implementados nas linguaxes de progra-
macién R, Octave, Matlab e Python. Estes regresores pertencen a unha ampla variedade de
familias de algoritmos de regresion, incluindo: regresién linear (familia que inclde a 4 regre-
sores) e linear regularizada (4 regresores), support vector regression (3), regression trees (3),
ensembles (9, incluindo bagging, random forest, adaboost e gradient boosting machine), re-
des neuronais multi-layer perceptron (1) e outros métodos como Gaussian process regression
e kernel ridge regression. Estes modelos foron seleccionados polos seus bos resultados nunha
exhaustiva comparativa desenvolvida nun traballo de investigacién previo a esta tese doutoral.
Avaliouse a fiabilidade da regresién usando o coeficiente de correlacion linear R (que de-
beria ser R=1 se os valores verdadeiro e predito coincidiran exactamente), root mean squared
error (RMSE), mean squared error (MSE) e weighted absolute percentage error (WAPE).
Probaronse tédalas combinaciéns das 11 saidas CBCL e os 6 grupos de entradas, e estudouse
a influencia do xénero da persona participante na prediccion.

Os resultados son moi desiguais dependendo da saida considerada. Isto era algo espe-
rado, porque dacordo coa literatura algunhas combinacions de entradas SP2 e saidas CBCL

non deberfan estar relacionadas. Concretamente, a prediccién mdis fiable acadouse para a
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saida externalizing problems, cun R moi perto do ideal (0.98), usando tédalas entradas SP2
(grupo total) e o método de regresion linear. O regresor adaboost acadou unha prediccién
relativamente fidbel para a saida anxious/depressed usando o grupo de entradas avoiding, e
o regresor gradient boosting machine (gbm) acadou tamén un bo resultado para a saida so-
cial problems empregando a entrada registration, en ambos casos con R=0.72. O regresor gbm
tamén acadou un bo R=0.68 para a saida fotal empregando a entrada touch. Outras saidas onde
se acadou menor correlacion, sendo ainda aceptabel, foron withdrawn/depressed, thought pro-
blems, attention problems, aggressive behavior e internalizing. As restantes saidas acadaron
predicciéns menos fidbeis (R < 0.5). O regresor que acadou a mellor posicién promedio sobre
todalas saidas foi a regresion linear regularizada ridge, seguida pola Gaussian process regres-
sion, gradient boosting machine (gbm) e regresion linear regularizada lasso, ainda que deles
so gbm acadou o mellor resultado nalgunha saida.

Dado que a fiabilidade da prediccidn € practicamente igual incluindo ou non o xénero en-
tre as entradas, a sda influencia non resultou significativa. A partires da literatura, esperabase
que existisen relacions entre algunhas das entradas seeking, avoiding ou touch con algunhas
das saidas anxious/depressed, withdrawn/depressed, rule-breaking, aggressive behavior, in-
ternalizing ou externalizing. A relacion entre unha entrada e unha saida confirmase cando esa
saida acada o mellor resultado (a prediccion mdis fidbel) con esa entrada. Nembargantes, de
entre estas relacions esperadas somentes se confirmaron as da entrada avoiding coas saidas
anteriores agds externalizing problems, que acadou o mellor resultado coa entrada fotal.

A prediccion de cada indicador no cuestionario CBCL tamén se formulou en termos de
clasificacién entre participante normal ou que require un tratamento clinico, definindo asi
2 clases (normal e clinico). Adicionalmente, tamén se consideraron 3 clases: participante
normal, pre-clinico ou clinico. A clase determinase umbralizando o indicador CBCL corres-
pondiente. Con 2 clases, o participante considérase normal cando o indicador é inferior a
60, e clinico no caso contrario. Con 3 clases, un participante normal ten un indicador infe-
rior a 60; se estd entre 60 e 70, considérase pre-clinico; e se estd por riba de 70, considérase
clinico. Neste caso, a calidade midese coa estatistica kappa, en %. A respeito da clasificacion
en 2 clases, a mellor saida, externalizing, acadou un kappa de 93.9% cun acierto do 97.2%,
unha clasificacién practicamente perfecta sen falsos negativos e case sen falsos positivos. Ou-
tras saidas con bos resultados foron anxious/depressed (kappa=59.3%), internalizing (57%),
total (47.1%), withdrawn/depressed (40.4%) e thought problems (39.7%). Considerando 3
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clases, a lista inclie: externalizing (kappa=91.9%), internalizing (42.4%), total (39.4%), an-
xious/depressed (35.7%) e withdrawn/depressed (35.1%).

Os resultados (regresion, clasificacion en 2 e 3 clases) indican que para os seguintes in-
dicadores do cuestionario CBCL (saidas) a prediccién usando o grupo sensorial correspon-
dente é fidbel, confirmando a relacién entre ambos: externalizing e total; anxious/depressed
e avoiding; social problems e registration; total problems e touch. Dado que o cuestionario
SP2 cibrese a idades mds temperds que o CBCL, a metodologia proposta permitirfa desefiar
intervencions clinicas e terapias personalizadas moito antes no tempo. Estes resultados coin-
ciden con traballos previos que suxiren que as alteraciéns sensoriais, especialmente tctiles,
provocan dificultades na resposta ao entorno e a perda de ocasions para aprender, que é a base
de procesos mdis complexos como a regulacién emocional e as interaccidns sociais. Os efec-
tos en cascada destas dificultades maniféstanse na vida diaria das persoas afectadas a través
de hiper-actividade, impulsividade, comportamentos estereotipados e repetitivos, e angustia
emocional e social. Ademais, a sobrecarga que para estas persoas supon la xestion dos esti-
mulos sensoriais condiiceos con frecuencia a estados de ansiedade ou depresion.

A investigacién futura contempla estender os métodos de proxeccién 2D propostos para
superar as limitacions da andlise discriminante linear en problemas de clasificacién con moitas
clases. Tamén se traballa na sintese de patréns para que a sta clase ou funcidn a predecir tome
un determinado valor, situando os patréns nas distintas rexions definidas polo mapa. Pola
outra banda, preténdese estender o estudo sobre autismo a un meirande nimero de partici-
pantes, incluindo persoas adultas, para aumentar a validez das conclusiéns acadadas. Tamén
se traballa no desefio de clasificadores que operen sobre respostas numéricas a cuestionarios,
un tipo de datos amplamente empregado en eidos da Psicoloxia tais como trastorno obsesivo-
compulsivo (TOC) e trastorno por déficit de atencién e hiperactividade (TDAH).

Palabras chave: aprendizaxe automatica, visualizacion 2D, clasificacidn, regresion, desorde

de espectro autista, comportamento, procesamento sensorial.
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Resumen en castellano

Esta tesis se sitda en el ambito del aprendizaje automatico, que se podria definir como un
conjunto de técnicas (también denominadas modelos) para la prediccion de valores a partir
de datos utilizando ejemplos. Estos ejemplos incluyen el valor a predecir (llamado normal-
mente salida del modelo) y los datos utilizados para efectuar esta prediccién (entradas del
modelo). Las entradas son vectores multi-dimensionales (patrones) compuestos por valores
numéricos que pueden ser continuos o discretos. Si la salida a predecir es continua, se habla
de un problema de regresion, y el modelo se llama regresor. Si el valor es discreto, hablamos
de problema de clasificacién y de clasificadores. Los ejemplos utilizados para construir el
modelo de aprendizaje automdtico componen lo que usualmente se denomina “conjunto de
entrenamiento’.

La dimensionalidad del patrén es en general elevada, y esto dificulta entender la depen-
dencia entre cada entrada y la salida, ya que cada entrada influye en la salida de forma distinta
dependiendo de las otras entradas. Por esta razdn, seria interesante disponer de un mapa
bi-dimensional donde se representase, por ejemplo mediante un cédigo de colores, la salida
que se deberia predecir en las distintas regiones del espacio de entrada (es decir, efectuar una
prediccion para cada uno de los posibles valores de los patrones). En los problemas de clasifi-
cacion, este mapa seria similar a los mapas geograficos politicos, donde cada clase seria como
un pais en el mapa. Conociendo la localizacién de un patrén en este mapa podriamos predecir
a qué clase pertenece. Ademads, podriamos saber qué clases estdn adyacentes o cercanas, en
cuyo caso seria fécil confundir sus patrones porque son parecidos, o lejanas, de modo que
fuese dificil confundir sus patrones porque son muy diferentes. Un mapa de este tipo per-
mitiria también saber si existe superposicion entre clases, y entre qué clases se produce esta
superposicion. Similarmente, en problemas de regresién este mapa seria similar a los mapas
de temperaturas, o a los mapas topograficos de elevaciones del terreno, en los que se rep-
resenta la temperatura con un cédigo de colores, y nuevamente sabiendo la localizacion de
un patrén obtendriamos el valor a predecir. Esto permitiria saber en qué direcciones crece o
decrece este valor, con qué velocidad, y cudles son las regiones con valores reducidos, medios
o elevados.

La tesis formula algoritmos para la visualizacién bi-dimensional (en 2D) de problemas de

clasificacidn y regresion. Estos algoritmos, denominados ultra-fast 2D classifier (UF2DC) y



ultra-fast 2D regressor (UF2DR), se han disefiado con el objetivo de realizar la clasificacién
o regresion sobre el propio espacio 2D. Para ello, se emplea la técnica clasica de analisis
discriminante lineal (LDA) para proyectar los datos multi-dimensionales originales al espacio
bi-dimensional. Se ha seleccionado esta técnica entre las muchas que existen para la reduccion
de dimensionalidad debido a sus buenos resultados para la clasificacién en 2D, demostrada
en trabajos de investigacion anteriores, y por su elevada eficiencia computacional. Aunque el
LDA se emplea para problemas de clasificacion y reduccion de la dimensionalidad, en esta
tesis ampliamos su uso a problemas de regresion, discretizando la salida en niveles manejados
como clases y utilizando LDA para su proyeccion al espacio bi-dimensional.

Los patrones de entrada proyectados al espacio 2D se utilizan para crear un mapa de clasi-
ficacion o regresion. Se emplea el mismo rango de valores en las coordenadas horizontal y
vertical de este espacio, definiendo asi un mapa cuadrado. Este mapa se divide en un nimero
de cuadrados (o pixeles, si consideramos el mapa como una imagen), cada uno de los cuales
se asociard a un valor de salida que representa una etiqueta de clase en problemas de clasifi-
cacion, o un valor numérico en problemas de regresion. De este modo, para predecir la salida
ante un patrén de entrada multi-dimensional es suficiente con proyectar este patrén al espa-
cio 2D, localizar el cuadrado del mapa al cual se proyectd este patrén y proporcionar como
predicciodn el valor del mapa en ese cuadrado.

Para ejecutar este proceso, el primer paso consiste en seleccionar un nimero apropiado
de cuadrados en base al tamafio del conjunto de entrenamiento. Porque, dependiendo de este
tamaflo, serd necesario un mapa mas o menos detallado, dicho en otras palabras, con mds
0 menos resolucién. Es importante destacar que en los métodos propuestos este nimero de
cuadrados estd acotado superiormente, lo cual resulta importante para garantizar su eficiencia
en problemas con muchos patrones de entrenamiento. Considerando este nimero de cuadra-
dos y el rango de valores de las coordenadas del mapa, es posible determinar los indices
horizontal y vertical del cuadrado al que se ha proyectado un patrén de entrada para el cual se
desea realizar una prediccion. En este punto, el disefio de un procedimiento eficiente requiere

ligeras diferencias entre los problemas de clasificacién y regresion.

1. En problemas de clasificacion, se define la clase asociada a un cuadrado como la mds
votada entre todos los patrones de entrenamiento que son proyectados a este cuadrado.
Con este fin, se crea para cada clase una matriz de poblaciones que indica el nimero
de estos patrones que se proyectaron a cada cuadrado. La prediccién asociada a un

cuadrado se define como la clase con mayor poblacion en el mismo (es decir, se realiza
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una votacién). Como en general el nimero de cuadrados es mayor que el de patrones,
existirdn muchos cuadrados sin patrones en los que no se puede realizar esta votacién.
Para resolver este problema de forma eficiente, se extiende el 4&mbito espacial (usual-
mente denominado “mascara”) sobre el cual se realiza la votacién. Con este fin, se
parte del cuadrado vacio original y se aumenta el tamafio de dicha mdscara, siempre

conservando una forma cuadrada, hasta incluir cuadrados con patrones.

2. En problemas de regresion, la votacion es sustituida por un promedio de la salida, que
es un valor numérico, sobre todos los patrones de entrenamiento que fueron proyecta-
dos a este cuadrado. Con este fin, se crean dos matrices. La matriz de salida contiene
elementos cuyo valor es la suma de las salidas de todos los patrones de entrenamiento
que se proyectaron al cuadrado asociado a ese elemento. La matriz de poblacién con-
tiene elementos cuyo valor es el nimero de estos patrones de entrenamiento proyec-
tados a dicho cuadrado. Cada una de estas dos matrices contiene un valor para todos
los cuadrados del mapa. El valor a predecir para un patrén proyectado a un cuadrado
serd el cociente entre sus elementos correspondientes en las matrices de salida y de
poblacién. Similarmente al caso de clasificacién, este procedimiento no puede re-
alizarse con cuadrados vacios. Por ello, el promedio se extiende a una mascara centrada
en el cuadrado considerado, con el tamafio minimo necesario para incluir cuadrados a

los que se proyect6 algin patrén de entrenamiento.

La extension de la mascara requiere efectuar una bisqueda que puede extenderse mas o
menos sobre los pixeles del cuadrado 2D al que se proyectan los patrones de entrenamiento.
Este proceso puede resultar costoso computacionalmente. Por esta razén, la tesis incluye un
procedimiento eficiente para poder emplear UF2DC y UF2DR en problemas de clasificacién
y regresion grandes, tanto en nimero de patrones de entrenamiento como de entradas o clases.
El pseudocddigo de este procedimiento se incluye también en la tesis.

El mapa de clasificacion se codifica en la matriz de mapa, donde cada elemento es la
prediccion (etiqueta de clase para problemas de clasificacion, o valor de la funcién en pro-
blemas de regresion) asociada a su cuadrado correspondiente en el mapa. El tamafio de esta
matriz es relativamente reducido para garantizar la eficiencia de los métodos propuestos, tanto
en velocidad como en requerimientos de memoria RAM. Sin embargo, este tamafio resulta es-
caso para una visualizacion detallada del mapa de clasificacién/regresion, que debe tener una

resolucion superior. Por ello, a partir de esta matriz se crea la matriz de imagen, de tamafio
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mayor que la matriz de mapa, que codifica la imagen que se visualizard del mapa, mientras
que la matriz de mapa se usara sé6lo para realizar la prediccién. La matriz de imagen se crea:
1) aumentando la matriz de mapa y realizando un promediado con un nicleo de forma rect-
angular; y 2) realizando en la imagen un suavizado que aplica la funcién moda estadistica por
grupos de cuadrados sobre la imagen.

El trabajo experimental ilustra graficamente el funcionamiento de UF2DC y UF2DR en
problemas de dos y mds dimensiones. En ellos se muestra su capacidad para elaborar repre-
sentaciones espaciales separadas y coherentes de las distintas clases, o de los distintos valores
de la funcidn a predecir en problemas de regresion. Los experimentos de validacién estadis-
tica realizan una comparativa de los métodos propuestos sobre 26 problemas de clasificacion,
algunos de ellos binarios, y 23 problemas de regresién. Todos estos problemas estdn con-
siderados como de referencia en la literatura, estdn disponibles en los almacenes publicos de
datos y son usados constantemente en el dambito del aprendizaje automatico. Se incluyen pro-
blemas de gran tamafio, hasta 5 millones de patrones y 719 entradas en clasificacién, y hasta
4 millones y 482 entradas en regresion.

En clasificacién, la comparativa incluye el algoritmo SVM (support vector machine con
ndcleo gausiano), aplicado en los patrones multi-dimensionales originales; LSVM (idem
usando un nicleo lineal) en los patrones originales; PNN (probabilistic neural network) so-
bre los patrones originales, bi-dimensionales y #-dimensionales, siendo h=ntimero de clases
menos 1; y WSVM (proyeccion de los datos originales a 2D usando una red neuronal RBF,
radial basis funcion, disefiada para optimizar la clasificaciéon de una SVM con nicleo lineal de
acuerdo con la aproximacién denominada wrapper en la literatura). Los clasificadores LSVM
y PNN se incluyeron en la comparativa por su eficiencia computacional en problemas grandes.
El acierto obtenido por UF2DC clasificando los patrones en 2D es similar a los obtenidos por
los otros métodos usando los patrones originales en la mayoria de los problemas (20 de 26),
siendo la diferencia apreciable sélo en los 6 problemas restantes. En cuanto a velocidad,
UF2DC es entre 10 y 1000 veces mas rapido que los otros clasificadores considerados, y la
diferencia aumenta mucho con el tamaifio de los datos. De hecho, en el problema mas grande,
con 5 millones de patrones, s6lo UF2DC y LSVM son capaces de ejecutarse, obteniendo
aciertos similares. Sin embargo, el primero tarda s6lo 3 minutos mientras que el segundo
tarda 30 horas, a pesar de estar disefiado especificamente para datos grandes. El trabajo ex-
perimental también evalia el tiempo requerido por UF2DC para crear la matriz de imagen,

tiempo que no supera el minuto en ninguno de los problemas de clasificacién considerados.
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La experimentacion de UF2DR en problemas de regresién incluye una comparativa con
SVR (support vector regression con nucleo gausiano), aplicado a los patrones originales;
LSVR (idem con ntcleo lineal), aplicado a los patrones originales; y GRNN (generalized re-
gression neural network), aplicada a los patrones originales, bi-dimensionales y #-dimensiona-
les. Tanto LSVR como GRNN fueron incluidos por su velocidad en problemas grandes. La
correlacién obtenida por UF2DR con los patrones 2D es muy similar a la obtenida usando los
restantes métodos en 19 de 23 problemas. En cuanto a la velocidad, el método propuesto se
ejecuta en todos los problemas, y en el mas grande (4.1 millones de patrones) tarda 2.3 minu-
tos mientras LSVR necesita 53 minutos. También se evalud la sensibilidad de la prediccién
con respecto al nimero de niveles usados para cuantificar la salida en los problemas de regre-
sion. Los experimentos demuestran que esta sensibilidad no es excesivamente elevada, y que
el nimero de niveles (10) utilizado en la validacion experimental es una eleccion adecuada
que proporciona unos resultados muy cercanos a los éptimos.

Hay que destacar que UF2DC y UF2DR, ademds de ejecutar la prediccion en 2D con fia-
bilidades similares a otras aproximaciones punteras en la literatura, permiten visualizar la es-
tructura de los datos en problemas de clasificacién y regresion, proporcionando explicaciones
a las caracteristicas y propiedades de estos problemas. Como se comentd anteriormente, estas
propiedades incluyen, en problemas de clasificacion, superposicion y relaciones de cercania
o lejania entre clases, y en problemas de regresion, regiones de valores bajos, medios y altos,
y direcciones de incremento y decremento de la funcién a predecir.

La segunda parte de la tesis aborda la prediccién automatica de comportamientos en base
a informacién sensorial para el tratamiento del desorden de espectro autista en la infancia y
la adolescencia. Esta investigacion fue realizada en colaboracién con el Grupo de Medicina
Xenémica® de la Universidad de Santiago de Compostela. Las personas que experimentan
desorden de espectro autista se caracterizan tanto por sufrir problemas de procesamiento sen-
sorial del entorno (interés inusual, bien hiper- o hipo-reactivo, en estimulos visuales, audi-
tivos, olfativos o tictiles) como por problemas de comportamiento (aislamiento y déficit de
interaccién social, problemas en la comunicacién no verbal, comportamientos repetitivos y
restringidos, irritabilidad, ansiedad y depresion). Las alteraciones sensoriales se detectan a
edades mucho mds tempranas, incluso en los primeros meses de vida, que los problemas de

comportamiento, los cuales se manifiestan a edades posteriores e incluso en la adolescencia,

Zhttp://www.xenomica.eu


http://www.xenomica.eu

Xiv

teniendo un gran impacto en el desarrollo personal y las relaciones sociales de la persona
afectada.

La literatura ha demostrado la existencia de relaciones entre alteraciones sensoriales y
problemas de comportamiento. Ambos se analizan utilizando sendos cuestionarios: sensory
profile-2 (SP2) y child behavior check-list (CBCL), que proporcionan medidas estandarizadas
del desarrollo personal y guias para intervenciones clinicas. Los métodos de aprendizaje au-
tomdtico aportan interesantes posibilidades para el estudio de las relaciones entre ambos y
llegar asi a saber en qué medida uno de ellos es util para predecir el otro. Especificamente,
en esta tesis el objetivo es usar las respuestas del cuestionario SP2, que evalda problemas
sensoriales, para predecir las respuestas en el cuestionario CBCL, que evalia problemas de
comportamiento. En el cuestionario SP2 se emplean normalmente 6 grupos de respuestas,
cada una de ellas con valores entre 0 y 5, denominados en inglés avoiding, registration, see-
king, sensitivity, total and touch. Cada grupo incluye una serie de respuestas del cuestionario,
y total incluye todas las respuestas. En el cuestionario CBCL se emplean usualmente 11 indi-
cadores, que toman valores entre 0 y 100. Cada uno de ellos se calcula a partir de los valores
de un grupo de respuestas. Estos indicadores son: anxious/depressed, withdrawn/depressed,
somatic complaints, social problems, thought problems, attention problems, rule-breaking
behavior, aggressive behavior, internalizing problems, externalizing problems y total (este
dltimo indicador se calcula a partir de todas las respuestas del cuestionario). Como los va-
lores de estos indicadores del cuestionario CBCL son numéricos, la prediccion de los mismos
constituye un problema de regresiéon. Se emplearon cuestionarios de 72 participantes con
edades entre 6 y 14 afios.

Para la prediccion de los 11 grupos del cuestionario CBCL se empled una coleccion de
26 métodos de aprendizaje automatico para regresién implementados en los lenguajes de pro-
gramacion R, Octave, Matlab y Python. Estos regresores pertenecen a una amplia variedad
de familias de algoritmos de regresion, incluyendo: regresion lineal (4 regresores) y lineal
regularizada (4), support vector regression (3), regression trees (3), ensembles (9, incluyendo
bagging, random forest, adaboost y gradient boosting machine), redes neuronales multi-layer
perceptron (1) y otros métodos como Gaussian process regression 'y kernel ridge regression.
Estos modelos fueron seleccionados por sus buenos resultados en una exhaustiva comparativa
desarrollada en un trabajo de investigacion previo a esta tesis doctoral. La fiabilidad de la
regresion se evalud usando el coeficiente de correlacion lineal R (que deberia ser R=1 si los

valores verdadero y predicho coincidieran exactamente), root mean squared error (RMSE),
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mean squared error (MSE) y weighted absolute percentage error (WAPE). Se probaron to-
das las combinaciones de las 11 salidas CBCL y los 6 grupos de entradas, y se estudi6 la
influencia del género de la persona participante en la prediccion.

Los resultados son muy desiguales dependiendo de la salida considerada. Esto era algo
esperado, porque de acuerdo con la literatura algunas combinaciones de entradas SP2 y salidas
CBCL no deberian estar relacionadas. Concretamente, la prediccién mas fiable se consiguié
para la salida externalizing problems, con un R muy cercano al ideal (0.98), usando todas las
entradas SP2 (grupo fotal) y el método de regresién lineal. El regresor adaboost consiguié
una prediccién relativamente fiable para la salida anxious/depressed con la entrada avoiding,
y el regresor gradient boosting machine (gbm) obtuvo también un buen resultado para la sal-
ida social problems utilizando la entrada registration, en ambos casos con R=0.72. El regresor
gbm también obtuvo un buen R=0.68 para la salida foral empleando la entrada fouch. Otras
salidas para las cuales se obtuvo una menor correlacién, pero todavia aceptable, fueron with-
drawn/depressed, thought problems, attention problems, aggressive behavior e internalizing.
Las restantes salidas obtuvieron predicciones menos fiables (R < 0.5). El regresor que obtuvo
la mejor posicién promedio sobre todas las salidas fue la regresion lineal regularizada ridge,
seguida por Gaussian process regression, gradient boosting machine (gbm) y regresion linear
regularizada lasso, aunque de ellos s6lo ghm obtuvo el mejor resultado en alguna salida.

Dado que fialibilidad de la prediccidn es practicamente igual incluyendo o no el género
entre las entradas, su influencia no resulté significativa. A partir de la literatura, se esperaba
que existiesen relaciones entre algunas de las entradas seeking, avoiding o touch con algunas
de las salidas anxious/depressed, withdrawn/depressed, rule-breaking, aggressive behavior,
internalizing o externalizing. La relacion entre una entrada y una salida se confirma cuando
esa salida obtiene el mejor resultado (la prediccién mas fiable) con esa entrada. Sin embargo,
de entre estas relaciones esperadas s6lo se confirmaron las de avoiding con las salidas anteri-
ores excepto externalizing problems, cuyo mejor resultado fue usando la entrada toral.

La prediccion de cada indicador en el cuestionario CBCL también se formul6 en términos
de clasificacion entre participante normal o que requiere un tratamiento clinico, definiendo as{
2 clases (normal y clinico). Adicionalmente, también se consideraron 3 clases: participante
normal, pre-clinico o clinico. La clase se determina umbralizando el indicador CBCL corres-
pondiente. Con 2 clases, el participante se considera normal cuando el indicador es inferior a
60, y clinico en caso contrario. Con 3 clases, un participante normal tiene un indicador inferior

a 60; si estd entre 60 y 70, se considera pre-clinico; y si estd por encima de 70, se considera
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clinico. En este caso, la calidad se mide con la estadistica kappa, en %. Respecto a la clasi-
ficacién en 2 clases, la mejor salida, externalizing, obtuvo un kappa de 93.9% con un acierto
del 97.2%, una clasificacion practicamente perfecta sin falsos negativos y casi sin falsos posi-
tivos. Otras salidas con buenos resultados fueron anxious/depressed (kappa=59.3%), inter-
nalizing (57%), total (47.1%), withdrawn/depressed (40.4%) y thought problems (39.7%).
Considerando 3 clases, la lista incluye: externalizing (kappa=91.9%), internalizing (42.4%),
total (39.4%), anxious/depressed (35.7%) y withdrawn/depressed (35.1%).

Los resultados (regresion, clasificacion en 2 y 3 clases) indican que para los siguientes
indicadores del cuestionario CBCL (salidas) la prediccién usando el grupo sensorial corres-
pondiente es fiable, confirmando la relacién entre ambos: externalizing y total; anxious/de-
pressed y avoiding; social problems y registration; total problems y touch. Dado que el
cuestionario SP2 se cubre a edades mas tempranas que el CBCL, la metodologia propuesta
permitiria disefiar intervenciones clinicas y terapias personalizadas mucho antes en el tiempo.
Estos resultados coinciden con trabajos previos que sugieren que las alteraciones sensoriales,
especialmente tictiles, provocan dificultades en la respuesta al entorno y la pérdida de oca-
siones para aprender, que es la base de procesos mas complejos como la regulacién emocional
y las interacciones sociales. Los efectos en cascada de estas dificultades se manifiestan en la
vida diaria de las personas afectadas a través de hiper-actividad, impulsividad, comportamien-
tos estereotipados y repetitivos, y angustia emocional y social. Ademds, la sobrecarga que
para estas personas supone la gestion de los estimulos sensoriales los conduce con frecuencia
a estados de ansiedad o depresion.

La investigacién futura contempla extender los métodos de proyeccién 2D propuestos
para superar las limitaciones del andlisis discriminante lineal en problemas de clasificacién
con muchas clases. También se trabaja en la sintesis de patrones para que su clase o fun-
ci6én a predecir tome un determinado valor, situando los patrones en las distintas regiones
definidas por el mapa. Por otra parte, se pretende extender el estudio sobre autismo a un
mayor nimero de participantes, incluyendo personas adultas, para aumentar la validez de las
conclusiones obtenidas. También se trabaja en el disefio de clasificadores que operen sobre
respuestas numéricas a cuestionarios, que son ampliamente utilizados en campos de la Psi-
cologia tales como trastorno obsesivo-compulsivo (TOC) y trastorno por déficit de atencién e
hiperactividad (TDAH).
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Palabras clave: aprendizaje automaético, visualizacién 2D, clasificacion, regresion, desorden

de espectro autista, comportamiento, procesamiento sensorial.
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CHAPTER 1

OBJECTIVES

The current PhD. Thesis has been developed in the scope of machine learning (ML), dealing
specifically with the automatic prediction of certain pre-defined values. In order to perform
this prediction, the ML algorithms use a collection of data examples (named training set) for
which both the input data (used to perform the prediction) and the true (or desired) values to
be predicted, are available. The examples are expected to be a set complete enough to include
all the possible situations, so that the prediction is still reliable for new data not using in the
training set. The prediction can be performed for discrete or categorical values, leading to a
“classification” problem, or for continuous numeric values, leading to a “regression” problem.

The first objective of this Thesis is to design and evaluate methods for the visualization
of classification and regression problems. This visualization is expected to provide a visual
map of the dataset that has been learnt by the ML algorithm. This map should allow a certain
“understanding” of the problem at hand, both in terms of regions associated to each class
label, for classification problems, and in terms of regions with low, middle and high values
of the continuous function to be predicted, in regression problems. In order to achieve this
objective, two methods are proposed in this Thesis, named “ultra-fast 2D classifier” (UF2DC)
and “ultra-fast 2D regressor”, for classification and regression problems, respectively. These
methods have been designed to map the original high-dimensional data to the 2D space and
to perform the automatic prediction in this space, providing a “map” of the classification or
regression problem that allows to explain the available data and the relations between the input
data and the different class labels or numeric values to be predicted. Both algorithms UF2DC

and UF2DR are very fast both in the creation of the map and on the classification of new
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data, not seen during training. The proposed methods have been validated on classification
and regression problems with very large data. The results prove that they provide intuitive
explanations of the data structure and its relation to the values to be predicted. Besides,
its performance in the automatic prediction is very near to ML methods performing on the
original high-dimensional dataset. Finally, the methods are very fast both for small and large
data.

The second objective is to apply regression ML models for the automatic prediction of be-
havior problems in the context of autism spectrum disorder (ASD) in children and teenagers.
The prediction is performed using as input data the numeric answers to questions in a ques-
tionnaire that evaluates sensory abnormalities. Analogously, the values predicted are the
answers to questions in another questionnaire about behavior problems. The regressors are
trained to predict behavior problems, such as anxiety/depression, somatic complaints, so-
cial problems, aggressive behavior and attention problems, among others. The prediction is
performed using sensory abnormalities in touch processing, search of exciting sensory ex-
periences, hyper- or hypo-sensitivity to sensory inputs compared to normal individuals, and
avoidance of sensory experiences. This research work was performed in collaboration with
the Group of Genomic Medicine of the University of Santiago de Compostela. The objective
is to predict automatically behavior problems, that are evident at higher ages, from sensory
information, that are registered at much lower ages. This might allow to raise early alerts,
and apply treatments in order to reduce the impact of ASD in children’s life. We used a large
and variated collection of ML regressors to perform this prediction. The statistical results
prove that a good reliability in prediction is achieved for some behavior problems using cer-
tain sensory data, defining clear relations between certain sensory abnormalities and behavior
problems. In the remaining cases, the relations are not so definite, and the prediction is much

less reliable.



CHAPTER 2

INTRODUCTION

The following sections 2.1 and 2.2 introduce the objectives of this Thesis. The materials,
methods and experimental work for each objective will be developed in the following chapters
of the thesis.

2.1 Dimensionality reduction and data visualization

Machine learning (ML) encloses a set of techniques that allow to model a system by reproduc-
ing its behavior in some sense. This reproduction is performed by predicting a value, named
“output”, that is of interest to identify the system, and that for some reason can not be, or it
is difficult to be, measured directly. Thus, it is appealing to estimate this output indirectly.
The prediction is issued by using other values, named “inputs”, from the system, that are in-
dead available, or at least that are more easy to acquire than the output. Both terms “inputs”
and “output” get their names because they are the input data and output result, respectively,
for the ML model that performs the prediction. The objective of this model is to learn how
to synthesize the output using the inputs. In order to perform this task, the model has two

resources:

1. A collection of examples, named “training set”, composed by the values of inputs and
output in several examples or cases. This collection should be large and representative
enough to describe the system behavior. The hypothesis is that it is possible to learn

how to predict the output from the inputs using only the relation between the inputs and
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the output values in this collection. Thus, the collection is used to create the ML model

in order to perform this prediction.

2. A mathematical method to perform the prediction of the output, that is a number, as a
calculation that uses the inputs. This method is different for different ML models, and

is named “training algorithm”.

The prediction issued by the ML model will be in general different from the true output
values. This difference is expected to be low enough to consider the prediction as reliable or
accurate. The model performance is inversely related to this difference: the larger difference,
the poorer performance. The difference must be calculated using examples not included in
the training set. Otherwise, the model might be just “memorizing” the true output that corres-
ponds to the inputs of each example, so the difference on the training set would be very low
or even zero. However, the difference would probably be much higher for examples not seen
during training. This phenomenon is known as “overtraining”, and leads to an optimistic bi-
asing in the measurement of the model performance. The set of examples used to measure the
performance is named as “test set”, and can not include training examples.

The output to be predicted can have discrete or continuous values. The first case corres-
ponds to classification, where the model must predict a class, that is a discrete value, for each
example. In some classification problems, the classes can be “sorted” in some way, so there is
a relation of order between them, and they are named “ordinal classification” problems. The
remaining classification problems are known as “nominal classification”. The prediction of
continuous values is known as regression, and in these cases there is always an order relation
between the values to be predicted. Classification and regression are important fields in ma-
chine learning, although the former has received more interest from the research community
because very often what we need is to discriminate between two or more cases, instead of pre-
dict a numerical value. In fact, we can always quantify the continuous output of a regression
problem into a set of discrete levels, achieving an ordinal classification problem.

The ML models are considered as black-box methods because they perform a prediction
(class or number), but most of them do not explain nor justify why that prediction is issued. In
the ML framework, a classification or regression problem can be formulated as the synthesis
of a function, the output, that gives discrete or continuous values and uses several variables
(inputs), i.e., operates on the high-dimensional input space. Thus, each example is a vector in

this space, named “pattern” containing the input values. The function is unknown, excepting
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for its values on a collection of points in the high-dimensional space, that are known and
correspond to the inputs of the training examples.

In classification tasks, the function gives a class label, and it is expected that each class is
related to a certain region of the input space (i.e., the patterns from that region belong to that
class). In regression tasks, it is also expected that the higher or lower values of the continuous
output can be assigned to specific regions of this space. In fact, if the patterns of several
classes or function values were completely mixed, these expectations would not fulfilled, and
we can expect that no ML method would be able to perform a reliable prediction. In such
case, to achieve a reliable prediction would require to include additional inputs, with different
values for each class or function value. In other words, the available inputs would not be
enough for a ML method to learn the problem.

Therefore, it is expected that both prediction tasks (classification and regression) allow a
geometrical representation where the different output values are assigned to different regions
of the high-dimensional input space. This representation, that must be performed in low-
dimensional spaces, is often used to visualize data in classification or regression problems, so
visualization methods have become a popular tool to explain and justify the machine learning
models trained on these data.

Visualization of classification and regression problems has also been tightly related in the
literature to dimensionality reduction (DR). The objective of DR methods is to transform or
map the data from the original high-dimensional space where the data lie, into a transformed
space with lower dimensionality while conserving most of the intrinsic information that are
present inside the data. In fact, most DR methods use some criterion defining the information
to be kept under the mapping, e.g., distances between patterns, so the mapped data optimize
the difference between this information on the original high-dimensional space and on the
transformed low-dimensional space.

Unsupervised DR methods are oriented to discover and visualize low-dimensional struc-
tures in high-dimensional unlabeled data [52], and then map the data into this low-dimensional
space while preserving the data structure. These methods include principal component anal-
ysis (PCA) [86], Sammon mapping [44], kernel PCA [2], multi-dimensional data scaling
(MDS) [58], stochastic neighbor embedding (SNE) [40], locally linear embedding (LLE)
[49] and Isomap [63], among others. There are also supervised DR methods which have
been applied to classification, such as the classical linear discriminant analysis (LDA) [4],

neighborhood component analysis (NCA) [55], large margin nearest neighbor (LMNN) met-
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ric learning [60], supervised LLE [87], supervised Isomap [33] and dubbed multi-manifold
discriminant Isomap (MMD-Isomap) [84]. Recent approaches include manifold learning [77],
canonical kernel DR [71], feature unionization [42], joint dictionary learning [83] and proba-
bilistic structure learning DR [80].

Dimensionality reduction has also been used for data visualization in 2D, usually oriented
to explain the classification problems in terms of class distributions, and of borders and over-
lapping among classes. When DR is combined to classification, the classical “filter”” approach,
that consists of training a classifier using the low-dimensional patterns, is often followed. The
alternative “wrapper” strategy, that designs the DR method to optimize in the low-dimension
space the performance of some classifier, has also been used with ML methods such as support
vector machines [81], neural networks [70], genetic algorithms [69] or nearest neighbor clas-
sifiers [79], among others. Some visualization methods have also been applied to regression,
such as supervised PCA [7] and LMNN [5].

The previous study [3] developed a comparison of 34 DR methods, including most of
the previous approaches, in the 2D visualization on a collection of 71 classification datasets.
The visualization was performed over two dimensions in order to display the classification
problem for human inspection and understanding, which is more difficult in one or three,
and not possible with more, dimensions. This study used 2D classification maps defined
by a Gaussian kernel support vector classifier (GSVC), trained on the 2D mapped patterns
using the filter approach, in order to visualize the classification problem. The agreement
between the original high-dimensional and the 2D classification problems was measured by
the performance of a GSVC on both problems.

In this research, the LDA-based methods achieved the highest performances and lowest
times, although below the performance levels obtained using the original high-dimensional
data. As well, the previous study [3] was limited to classification. Thus, in the current PhD.

Thesis we pursue the following objectives:

1. Extend the LDA mapping to regression problems and use the 2D map to explain and
visualize the landscape of the function to be predicted.

2. Propose a method to define the 2D classification or regression map without the need of

training any standard ML classifier or regressor, such as GSVC in [3].
3. Use this map to perform predictions in the same way as any other ML method.

4. Provide a visual explanation about the structure and geometry of the data in:
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a) Classification problems: relative positions of classes, class overlapping, shape of

the borders between classes, neighboring and far classes.

b) Regression problems: regions with low, medium and high values of the function

to predict, directions and magnitudes of changes in function values.

5. Develop the proposed methods in an efficient way in order to visualize and predict

almost instantaneously any large-scale classification or regression problem.

The methods that are proposed in the current PhD. Thesis, called ultra-fast 2D classi-
fier (UF2DC) for classification and ultra-fast 2D regressor (UF2DR) for regression, will be

described in chapter 3 and evaluated experimentally in chapter 4.

2.2 Behavior prediction in autism spectrum disorder

The autism spectrum disorder (ASD) is a neurodevelopmental condition with a consistently
high prevalence worldwide [16] that poses a serious burden to the society and affected fa-
milies. An early diagnosis of ASD is crucial for implementing interventional approaches on
individuals with this disorder [17]. Multiple risk factors contribute to the ASD phenotype, in-
cluding genetic, biological, psycho-social and environmental contributors [59, 21]. This disor-
der is characterized by deficits in social interactions, communication and restricted/repetitive
behavior, including sensory processing problems [6].

Impairments in sensory processing are described as unusual interests in sensory aspects
of the environment (e.g., visual, auditory, or tactile stimuli) to which individuals with ASD
frequently display atypical responses [76]. These responses can be organized and classified
as hyper-reactivity (tendency to respond at lower intensity thresholds quicker and more in-
tensely or longer) or hypo-reactivity (tendency to respond with “indifference”, unawareness,
or slowly) to sensory inputs [72] that seem to be underpinned by specific neurophysiological
markers (see [53] for a detailed review).

Atypical processing patterns have been observed in ASD across all sensory modalities,
including visual, auditory, olfactory, proprioceptive, somatosensory, or interoceptive stimula-
tion and multisensory integration, regardless of age and symptom’s severity in children and
adolescents [9]. Sensory alterations have an early onset and are one of the first signs of ASD,

as early as observed in the first months of life [41]. In consequence, these alterations can
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impact behavior and social functioning of children and adolescents and may be at the root of
social deficits during development [74].

Indeed, altered sensory responsivity in ASD cascades into social and behavioral impair-
ments [74]. The relationship between hypo-responsiveness and hyper-responsiveness to sen-
sory stimuli and maladaptive behavior has been documented, with atypical processing of sti-
muli being correlated with social, cognitive and communicative impairments [43] and the
presence of repetitive and restricted interests and behaviors [30]. Sensory abnormalities were
also linked to isolation, reactivity to change, disinterest and indifference, self-aggression, ir-
ritability, or emotional lability [36]. Additionally, altered sensory processing has been related
to anxiety [78] and depressive [10] states in children and adolescents with ASD, with a great
impact on their adaptive behaviors [75, 47, 85]. One of the earliest and most common sensory
alterations described in ASD is related to abnormalities in tactile processing, for example,
food texture [57].

Tactile contact is considered a precursor for the development of social and communica-
tion abilities, and impaired touch processing has been linked to emotional and social distress
early in life, as it imposes limits on environmental learning opportunities [57]. Moreover, evi-
dence suggests that increased difficulties in touch processing are associated with behavioral
impairments (e.g., difficulties in inhibitory control) in children and adolescents with ASD
[62, 61]. In addition, altered touch processing was related to increased social and commu-
nication deficits [30, 56], to non-verbal communication impairments and repetitive behaviors
[30], as well as anxious/depressed states and repetitive/obsessive behavior [29]. Therefore,
it is important to further clarify the relationship between sensory processing and behavior in
children and adolescents with ASD, by exploring to what extent sensory processing is predic-
tive of behavioral outcomes in this population.

The Sensory Profile 2, SP2 [25] and the Child Behavior Check-List, CBCL [1], are two
widely used tools to measure sensory and behavioral competencies, respectively. These ques-
tionnaires, usually filled out by parents, provide standardized measures of child’s development
and offer guidance for future clinical interventions. In line with the relationship between sen-
sory and behavioral characteristics previously discussed, the scores of different SP2 items and
CBCL subscales have already shown to be correlated [56]. New tools— like machine learning
(ML) techniques— could offer novel insights in how constructs measured by both question-
naires are intertwined and how they are useful to predict each other. Some works in the litera-

ture showed the interest of using ML in the study of autism to analyze continuous/dimensional
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or categorical/qualitative variation between and within individuals [50]. In addition, ML can
offer improved diagnostic timing, precision and quality, allowing clinicians to provide more
robust diagnosis and intervention programs [73], as well as providing evidence on possible
altered processes (e.g., reactivity to sensorial stimuli) for implementing early personalized
care therapies and strategies. Machine learning models have provided satisfactory solutions
to medical and non-medical applications due to its ability to extract information and make

predictions from large datasets [13].

SP2 quadrant CBCL outcome
Seeking Anxious/depressed ~ Aggressive behavior
Avoiding Withdraw/depressed Internalizing
Touch Rule-breaking Externalizing

Table 2.1: Relations that are expected between SP2 quadrants and CBCL outcomes.

In this thesis, the objective is to use machine learning methods to evaluate the relation be-
tween the sensory and behavioral domains in ASD participants. This research was developed
in collaboration with the Group of Genomic Medicine! of the University of Santiago de Com-
postela. Specifically, a wide collection of supervised ML algorithms, described in chapter
5 of this Thesis, was applied including: multi-variate linear an regularized linear regression,
support vector machine, gradient boosting machine and regression tree-based ensembles such
as gradient boosting machine and random forest, among others. With these algorithms, we
sought to examine how SP2 quadrant scores (seeking, avoiding, sensitivity and registration)
and touch processing (given the evidence suggesting that tactile impairments are related to
the onset of ASD and being the most common sensory alteration in this population) are pre-
dictive of CBCL outcomes: anxious/depressed, withdrawn/depressed, somatic complaints,
social problems, thought problems, attention problems, rule-breaking behavior, aggressive
behavior and the two empirically derived internalizing and externalizing broadband scales.
It is expected that hyper-responsive and hypo-responsive sensory experiences assessed us-
ing the SP2, i.e., items corresponding to seeking and avoiding quadrants, as well as touch
processing, can be used to predict ASD behavioral problems such as anxious/depressed, with-
drawn/depressed, rule-breaking behavior and aggressive behavior, as well as in internalizing
and externalizing domains (see Table 2.1). Our results, in chapter 6 of this Thesis, will allow

us to relate SP2 and CBCL questionnaires, in order to know which groups of items in SP2

Uhttp://www.xenomica.eu
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can be most useful in predicting CBCL scores in other categories. These results can help
to classify different phenotypes in ASD and relate alterations in sensory mechanisms with

impairments in behavioral manifestations.



CHAPTER 3

TWO-DIMENSIONAL CLASSIFICATION AND
REGRESSION

The proposed methodology first describes the 2D mapping using the linear discriminant anal-
ysis (LDA, section 3.1). Then, it introduces the 2D map (section 3.2) and describes how the
map is defined in UF2DC and UF2DR for classification and regression (sections 3.3 and 3.4),

respectively. Finally, section 3.5 summarizes the pseudo-code of the proposed methods.

3.1 Projection of the high-dimensional patterns in 2D

Let X; = (xj1,...,Xjp), with i = 1,...,N, be the original high-dimensional training patterns
(row vectors), being p the number of inputs and N the number of training patterns (dataset
population). In classification problems, let C be the number of classes, ¢; € {1,...,C} the true
class label of x; and N;, with j =1,...,C, the population of class j. In regression problems,
let 0; be the true output for x;, where o; is a continuous value. According to the theory of

LDA, three matrices are defined:

1. The total covariance matrix T (of size p X p):

(X-X)7(X-X)
T=—-—— 3.1
N1 (3.1
where the matrix X, of size N X p, contains the training patterns x;, withi =1,....N,

by rows. The matrix X, of the same size as X, contains the vector X (mean over all the

patterns) repeated in each row:
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1

X = —
N !
1

™=

1

2. The matrix W, also of size p X p, is calculated by averaging the within-class covariance
matrices of the C classes:

(3.3)

i (X -X)" (X;-X))

J
N1

Both X; and X are matrices of size N; x p. The matrix X; contains, by rows, the N;
training patterns X; of class j, thus being i € o7; with o/; ={i=1,...,N : ¢; = j}. Each

row of matrix X j 1s equal to X; (mean over patterns of class j):

Xj=— ) X (3.4)
J ied]
3. The between-class covariance matrix B, of size p X p, is the difference between the

total covariance matrix T and the within-class covariance matrix W:
B=T-W 3.5)

Once the matrices W and B are calculated, the matrix A of size 2 x p, which defines
the mapping from IR” (original high-dimensional space) to IR? (two-dimensional space), is
composed by the two (row) eigenvectors associated to the largest eigenvalues (henceforth

named “two main eigenvectors”) of the matrix product:
(W+al,) 'B (3.6)

where I, is the identity matrix of size p and o = 0.001 regularizes the matrix W, that is often

singular. Finally, LDA maps linearly the original pattern x into the 2D pattern:
y=A(x—X) 3.7

where X is defined in eq. 3.2. In regression problems, where the continuous output o; replaces
the class label ¢; for a training pattern x;, the previous methodology can also be used by
replacing the classes by levels of output values, i.e., by quantifying the output values in a set

of levels. The number .Z of output levels should not be very low, because a certain number



3.2. Definition of the 2D map 13

of levels are required to quantify ouput values, nor very high, because many within-level
covariance matrices X; and X; (eq. 3.3) should be calculated. A reasonable value might
be . = 10, which provides a trade-off between ability to quantify the output values and
excessive number of levels. Note that .Z is not the number of possible output values given by
UF2DR (see section 3.4), but the number of classes or output levels used to define the LDA
mapping in regression problems, so that in these problems C = .#. The number / of patterns
per level is calculated as [ = |[N/.Z |, where || is the integer floor function. Sorting
the true output values oy,...,0y and denoting by o; € {1,...,N} the position of pattern x;
according to this sorting, a class label ¢; = max(1, |o;/1]) € {1,...,.£} is assigned to pattern
x;, withi=1,...,N, and LDA can be applied analogously to the classification case, achieving
an ordinal classification problem.

In the literature, LDA is usually applied for classification by taking the C — 1 main eigen-
vectors and mapping the high-dimensional patterns into the (C — 1)-dimensional space ge-
nerated by them. Using LDA for visualization, only the two main eigenvectors are used.
Obviously, when information is transformed from p > 2 dimensions into a 2D space some
information might be lost, so the performance is expected to be lower on the two-dimensional
mapped dataset than on the original high-dimensional dataset. To evaluate the impact of this
loss of information in the classification and regression performance is one of the objectives
of the current work. Note that the proposed method is designed for 2D data visualization,
classification and regression, and is not specifically oriented to dimensionality reduction.

On the other hand, the use of LDA for regression problems through categorization of
the value to predict may seem an artificial approach, given that a plethora of methods do
exist specifically for regression. However, this categorization allows us to extend the LDA
mapping, and the methods proposed to develop a 2D map, for regression problems in an
efficient way. The experimental work (section 4.2) will perform an empirical evaluation of
this efficiency and the performance loss compared to existing regression methods working on
the original p-dimensional data.

3.2 Definition of the 2D map

Once the 2D training patterns are projected from IR? to IR? and standardized (i.e., scaled and
translated to have zero mean and standard deviation one in each dimension), the proposed
methods UF2DC or UF2DR create a map, defined by the square matrix M, of the squared
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region % of IR? where the mapped patterns are located. Let us consider the range of values
of Z in each dimension as divided in s equal-length intervals, in such a way that Z is divided
in 5% squares (this squares will be pixels in the image map, see below). The matrix M, that
defines the map of region %, must be of size s X s, being s referred as “the map size”. The
element M,,,, with n,m = 1,... s, is the output value associated to the n, m-th square in Z.
Thus, a new p-dimensional test pattern X, can be projected to a 2D pattern y, = A(x; — X),
where X is defined by eq. 3.2 as the mean of the N training patterns. Then, the output z
predicted by UF2DC or UF2DR for y; will be z; = M,;,,,, where n and m are the indices of the
square where y; is located.

In the previous work [3], the 2D patterns mapped by LDA are used to train a GSVC which
afterwards classifies a 2D pattern for each square in . This procedure, based on the “filter”

approach, is very intuitive and easy to understand, but it has several drawbacks:

1. The classification map is conditioned by the classifier, so different classifiers will define
different maps. However, a 2D map of a classification problem should be intrinsic to the
problem, i.e., unique, and should not be different for each, or depend on the, classifier

used.

2. Some classifiers might be limited defining complex 2D maps. An example is random
forest: despite being a state-of-the-art classifier, it splits binarily each input dimension,
so in 2D it only would learn class borders parallel to both axes. This is a limiting factor
to define complex geometries for classification or regression. Other ML methods might

exhibit other restrictions.

3. Despite of training with 2D patterns, the classifier training and testing may be slow
with large and even with small datasets, because it must be tested on all the s> squares
of the map to achieve their output values. Specifically, the GSVC training in 2D may
be slow when the high-dimensional classification problem is already difficult or when

the patterns mapped to 2D exhibit high overlapping among classes.

As a consequence of the previous drawbacks, it would be useful to define a fast method
that allows to define 2D maps using only the mapped training patterns without train any stan-
dard ML classifier. Such a method is proposed in sections 3.3 and 3.4 for classification and

regression, respectively.
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3.3 Classification map in 2D with UF2DC

In this section we will describe the ultra-fast 2D classifier, whose pseudo-code is listed in
section 3.5. Let y; = (yi1,yi2), wWith i = 1,... N, be the standardized 2D mapped training
patterns (i.e., with zero mean and standard deviation one), and let L,, U, be the lower and
upper bounds in the dimension ¢ = 1,2, of the squared region % which will be covered by
the classification map. Since the 2D patterns are standardized, it is expectable that —2 <
yi1,yi2 < 2 for most patterns, so L, = —2 and U, = 2 for ¢ = 1,2, should be a good choice.
In those datasets with many 2D patterns outside the square [—2,2] x [—2,2], the values L,
and U, might be set adequately, and they even might depend on ¢, so the region & and the
s X s squares might indeed be rectangles. The explanation will however proceed considering
squares.

The 2D classification map will cover the square Z = {(y1,y2) : Ly < yq < Uy, q = 1,2},

which is divided in a grid of s> squares. The map size s is selected as:

s = max(Sz,min(| /NN |,Su)) (3.8)

which is increasing with the number N of training patterns and with the parameter 1, a pre-
specified ratio between the number of squares and training patterns, so that n ~ s?>/N. For
classification, we use 17 = 1 to have roughly so many squares as training patterns. In order to
avoid excesively large or small s when N is too high or too low, a lower and an upper bound
(S = 10 and Sy = 300, respectively) are set. The upper bound Sy limits the size of the M
matrix, and the computational cost of the procedure to define the map, to S%] =90, 000 squares
in large classification datasets where N > S%] /1 = 90,000 patterns.

The M matrix defines UF2DC because each element M,,, is the class prediction for the
test patterns located in the square with indices n and m, with n,m = 1,... s. This square will
henceforth be denoted by (n,m). The prediction M,,, is selected as the class with the highest
relative population in (n,m), i.e., the class with the highest proportion of training patterns
located in that square. In order to create M, a matrix P/, named “population matrix”, of size
s x s, is defined for each class j = 1,...,C, in such a way that P,{m, with n,m=1,...,s, is
the relative population of class j in (n,m). Giveny; = (y;1,y2), in order to calculate P,{m we
define:

w—L
Uig = max {1,min(s(quq),s>], g=1,2 (3.9)
Uy —Lq
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The value u;, is the index of the interval where y;, is located considering a set of s intervals

between L, and U,,, so that y; is located in (u;1,u;) and P;{m is calculated as:

N
Pl = ]\17jZ{S(n,ui1)5(m,ui2)5(j,ci) (3.10)
i=
where 0(a,b) = 1 when a = b and zero otherwise. Since the value inside the sum is only
non-zero when u;; = n, u;; = m and ¢; = j, it follows that P,{m is the rate of training patterns
of class j that are located in the square (n,m).
The matrix P/ is fairly noisy because their elements are calculated separately, without
any kind of spatial averaging. This noise can be reduced by applying a smoothing process
performed e.g. by a 2D median filter [37]. Specifically, we used the Matlab comand:

P/ =medfilt2(P/[K,K]) (3.11)

which applies a median filter with a square mask of size K, padding the matrix with zeros on
the edges. A value used frequently in this kind of filtering is K=10. When (n,m) is not empty,
i.e., exists at least one class with training patterns in (n,m), the element M,,, is defined as:

My, = argmax{PJ},}, when3jc {1,...,C} with P/, >0 (3.12)
j=l..C

Otherwise, when (n,m) is empty, so there are no training patterns on it and Pl, =0 for
j=1,...,C, the calculation of M,,, must consider a set of squares, a set with squared shape,
centered in (n,m), in order to perform the argmax function in eq. 3.12. This set of squares is
usually referred in the literature as a “mask” centered in (n,m). For reasons of computational
efficiency, the mask should be of the smallest size required to be non-empty. In order to be
centered in (n,m), the mask size in each dimension must be 2k + 1, being k the semi-size of
the mask. Thus, k must be the least value in the set {1,...,s} such that the mask includes
some square (r,v) with P/, > 0 for some class j € {1,...,C}.

Since the mask is centered on (n,m) and has size 2k + 1, in order to be inside the map,
that has size s, it must be r € {ry, ..., Ry}, with rpy = max(1,n — k) and R,y = min(n+k,s).
Analogously, it mustbe v € {vu, ..., Vuk }, with v = max(1,m — k) and V,,;, = min(m+k, s).
Defining:

¢(a,b) =max(1,a—D>), ®(a,b) =min(a+b,s) (3.13)

the lower and upper bounds for r can be written as:
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Fae = ¢ (n,k), Ry = ®(n,k) (3.14)
while the bounds for v are given by:
Vike = @ (m, k), Viuk = P(m, k) (3.15)
The value of the mask semi-size k is thus defined as:

k= argmin{EIj {1, ,Chre {ru, e R}y € vty Vit PL > 0} (3.16)
I=1,....s

grany

Once k is known, the element M,,,, of matrix M is the class j with the largest sum of Prjv
over the squares of the mask with size 2k + 1:

. . Ryt Vink X
M, = argmax{ﬂ,{m}, L= Z Z P (3.17)

J=L PP V=Vt

when P/, =0, Vje{l,...,C}

As an efficient procedure to calculate M, (see item 15 and Algorithm 2 in section 3.5),
the value of k is set to 1 in the beginning of each row n of the M matrix (when m = 1).
This value is increased by 1 until 9,{,” > ( for some class j. At this point, the increase of
k stops, and M,,, is calculated. Next, we must calculate the matrix value for the next square
(n,m+ 1). Note that the current value of k already provides at least one P,JV > 0 (non-empty
square) inside the mask. Thus, in order to calculate M, y,+1 for (n,m+ 1) in the next column,
the value k — 1 also gives some Prjv > 0, so the starting value of k for (n,m+ 1) is selected
as k = max(1,k — 1). Here, the max function avoids k = 0. Finally, when P;{m > 0 for some
Jj=1,...,C (non-empty square, eq. 3.12), the value of k is reset to 1, because (n,m+ 1) will
only need at most a mask of size 3 (= 2k + 1 with k=1) to include non-zero Prjv values.

Once the matrix M has been calculated, the classification of a new test pattern x, € IR?

requires:
1. To project x; to y; = (yr1,Vr2) = A(X; —X).
2. To calculate the indices n = u;; and m = uy, of the square where y; is located (eq. 3.9).
3. To assign the test pattern x; to the class z; = M.

4. 1If the test pattern X, is mapped to a point y, outside %, the predicted class is z; = My,
where n = 1 when y;; < L1, n = s for y;; > U;, m = 1 when y;» < L, and m = s when
Yo > Us.
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The squared matrix M is a low-resolution map of size s < Sy = 300, which is enough to
predict the class for a 2D pattern. However, an adequate data visualization requires a larger

image matrix I of size s’ > s. This matrix is defined in two steps:

1. The resampled map matrix M’ is defined by augmenting M to a size s’ and processing

it with a box-shaped kernel using e.g. with the Matlab command:
M = imresize(M,y,box) (3.18)

The scale y > 1 is defined as ¥ = min(T, S/s), where I" = 10 is the maximum scale and

S = 1,000 is the maximum size of M’ in each dimension, so that s’ = min(Is, S).

2. The image matrix I is a smoothed version of M’ defined by applying the mode function
over sliding squares (columnwise) of size £ = |3y/2] in each dimension (|-] is the

nearest integer function), using the Matlab command:
I=colfilt(M/,[&,€],sliding,mode). (3.19)

Note that the calculation of the larger M’ and I matrices, both of size s’, is only necessary
for visualization, but not for classification, that only requires the matrix M, so the time re-
quired to the calculation of M’ and I can be saved. The whole pseudocode of UF2DC is listed
in section 3.5.

Figure 3.1 shows the image matrix I of the classification map defined by UF2DC and
the 2D mapped training patterns (small squares) for the UCI classification dataset Synthetic
control chart time series (abbreviated as synthetic), with 6 classes (see section 4.1). The
map provides a coherent 2D representation that shows which classes are adjacent or nearby.
The color of the training patterns is given by their class labels, so the figure also shows their
distribution over the regions occupied by each class, and the level of class overlap, given by
the number of patterns of one class located in regions of other classes. In this dataset, most
patterns are located in the region of their own class, so the the class overlap is low and UF2DC

discriminates fairly well among classes.

3.4 Two-dimensional regression map with UF2DR

In this section we will describe the ultra-fast 2D regressor, whose pseudo-code is also listed

in 3.5. In regresion problems the output is continuous, so the map matrix M must be larger
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2D map UF2DC data set synthetic
T T T T

1 blue
2red

3 yellow

4 green

5 magenta
6 cyan

2nd dimension
oEm@omoO

1st dimension

Figure 3.1: Classification map defined by UF2DC and 2D training patterns for the UCI dataset synthetic, with
6 classes.

compared to UF2DC in order to codify a high number of output values. Therefore, a higher
n value is recommendable to achieve a higher resolution map. We used 11 = 5 so the number
s% of squares in the region % is five times larger than the number N of training patterns. The
map size s is calculated from 17 and N as in UF2DC (eq. 3.8).

In order to calculate the elements M,,,, with n,m = 1,...,s, of the map matrix M, the
selection of the most populated class in classification is replaced by an output averaging in
regression, similarly to many other ML approaches. Two squared matrices, P (population)
and O (output), both of size s, are defined. The element P, of the population matrix P is the
number of training patterns inside (n,m), that can be calculated as:

N
Pan =Y, 8(n,un )8 (m, up) (3.20)
i=1

where u;, u;p and 6(a,b) are defined in section 3.3. The element Oy, of the output matrix O

is the sum of the true outputs o; over the mapped training patterns y; located inside (n, m):
N
Oum = 25(11, uj1)0(m,upn)o; (3.21)
i=1

For a non-empty square (n,m), the element P, > 0, so that the predicted output M, is

the average of the true output o; over the training patterns located inside this square:
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2D map UF2DR dataset auto-mpg
T T T

2nd dimension

1st dimension

Figure 3.2: Regression map defined by UF2DR and 2D training patterns for the UCI dataset aut o-mpg.

Onm
an ’

My, = when P,,,, > 0 (3.22)

With empty squares (B, = Oy, = 0), the output M,,, is defined, analogously to the clas-
sification case, as the average of O,, over the values of r,v inside the squared mask of size
2k + 1 centered in (n,m). The limits 7.y, Ry, Vi and V., for the square indices inside the
mask are defined as in section 3.3. The mask semi-size k is the smallest value in {1,...,s} for
which the mask has non-empty squares:

k:argmin{ar,,, <F <Ry vy <V < Vi : Py >0} (3.23)
I=1,....s

and M,,, is given by:

Ruk Vink
¥ ¥ o

F=rpk V=VYmk

Ruk Vink
)IED I H

F=rpk V=VYmk

M, = , when P, =0,, =0 (3.24)

Finally, the output predicted by UF2DR for a test pattern x, mapped to y, = A(x; — X)
is z; = Myp, where n = u;1 and m = uy, similarly to UF2DC (see the definition of u;, in eq.
3.9). When x; is mapped outside %, the predicted output z; is as with UF2DC (section 3.3).
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The median filtering of the P matrix is no longer required in UF2DR because the averaging
already filters the output values in the O matrix. Similarly, the resampled map M’ and image
I matrices are no longer necessary because M is already of large size, due to the higher n
value, and can also be used for visualization. The whole pseudocode of UF2DR is listed in
section 3.5.

Figure 3.2 shows an example of regression map defined by UF2DR for the UCI dataset
Auto MPG (see section 4.2), alongside with the training patterns (small squares), whose color
codifies its true output value according to the color bar on the right of the plot. Note that most
squares have the same color as the background below them, which means a good agreement
between the predicted and true output. This regression map is a meaningful and understand-
able 2D representation of the unknown function which has to be predicted and of the training
pattern distribution. The map plots in the color scale the function values in each region of the
space. Also, it is possible to see how the function behaves going to a certain direction: whether
it increases, decreases or remains constant. Thus, the map provides an visual explanation of

the prediction issued.

3.5 Pseudo-code of UF2DC and UF2DR

This section compiles the algorithm for 2D classification and regression using UF2DC and
UF2DR, respectively, following the descriptions presented in the previous sections 3.3 and
3.4. First, the training stage is described. Then, the information that identifies the trained
UF2DC or UF2DR is listed. Finally, we describe the steps of the test stage for both methods.

Training stage:
1. Input (training) data:

a) {x;}I |, with x; € IR”: input patterns.

b) Output:
i. UF2DC: {¢;}Y |, with ¢; € {1,...,C}: class labels.
ii. UF2DR: {o;}"Y : output values.

2. Parameters:

a) Lower and upper number of intervals in each dimension: S; = 10, Sy = 300.
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b) Ratio between map squares and training patterns: 1 = 1 (for UF2DC) and
n =5 (for UF2DR).

¢) Map size: number of intervals in each dimension s = max(Sg, min(|\/NN|,Sy)).

. Total and class means: X is the mean over all the patterns; X;, with j =1,...,C, are

the means over the patterns of each class:

N

_ 1 .

NZX"’ xj:ﬁj[;%xi, j=1,...,C (3.25)
I

. Total covariance matrix T: squared of size p defined by:

(X -X)"(X—X)

T=
N—-1

(3.26)

The matrices X and X, both of size N x p, contain the training patterns x; by rows, and
the vector X repeated in each row, respectively.

. Within-class covariance matrix W: squared of size p, defined as:

¢ (X;-X)" (X=X,
12( N)j_(l )

Jj=1

W=

(3.27)

Al

The matrices X; and X j of size N; x p contain, by rows, the N; training patterns X; of

class j, and N; rows equal to X, respectively.

. Between-class covariance matrix B: squared of size p, calculated as B =T — W.

. Mapping matrix A: of size 2 x p, its rows are the 2 main eigenvectors of (W +

opr)"B, being &=0.001 and I,, the squared identity matrix of size p.

. Mapping of patterns to 2D: y; = (y;1,yi2) = A(x; —X), withi=1,...,N.

. Standardization in 2D: y; = (y; — §)/¥, with i = 1,...,N (vector operations are as-

sumed), where § = (¥1,72) and ¥ = (§1,¥,) are the mean and standard deviation over

the 2D mapped patterns.



3.5. Pseudo-code of UF2DC and UF2DR 23

10.

11.

12.

13.

Map lower and upper limits in each dimension: L, = -2,U, = 2 with ¢ = 1,2.
These values should be set appropiately when the number of training patterns outside
the square [—2,2] x [—2,2] is high.

Population matrices P/ (only for UF2DC): squared of size s, with j = 1,...,C, and

elements PJ,, forn,m =1,...,s, defined as:

=

P,{m = i S (n,uin )0 (myupn)d(j,ci) (3.28)

~
Il
—_

1

where &(a,b) = 1 when a = b and zero otherwise, while u;y, with ¢ = 1,2, are defined
as:

ig— L
Uiy = max [l,min (s(quq),s)} , qg=1,2 (3.29)
Ug—Ly

Population matrix P (only for UF2DR): squared of size s, with elements P,,, with
n,m=1,...,s, defined as:

M=

P =Y O(n,ui)d(m,up) (3.30)

Output matrix O (only for UF2DR): squared of size s, whose elements O,,,, with

nom=1,....s, are:
N
Owm =Y, 8(n,ui1)8(m, un)o; (3.31)
i=1

The population and output matrices can be efficiently calculated from {u;;, u;» }fvz | using

algorithm 1.

Algorithm 1: Population and output matrices.

1 for i=1:N do

2 n = Uj1;m = Up;

3 Jj= Ci;Pr'zIm = h]m + I/N/'; #UF2DC;

4 an = b+ 1 ;Onm - 0)1/71, +o0i; #UF2DR,
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14. Median filtering of population matrices (only for UF2DC): with mask size K=10,

15.

16.

using the Matlab command:
P/=medfilt2(P/[K,K]), with j=1,...,C

Map matrix M (only for UF2DC): squared of size s. In order to calculate M,,,, with
n,m=1,...,s, when 3j € {1,...,C} such that Pl, >0, the n, m-th square, denoted as
(n,m), is not empty and:
My, = argmax{PJ } (3.32)
j=1,....C
When P, =0,Vj=1,...,C, the square (n,m) is empty. The semi-size k of the squared
mask is calculated as:

k= argmin{Elj e{l,....C},re{ru,...,Ru},
I=1,....s

V€ {Vmtsers sV} P >o} (3.33)

where r,; = ¢(n,l), Ry = ®(n,l), vy = ¢(m,1) and V,; = ®(m,[), being ¢(a,b) =
max(1,a—b) and ®(a,b) = min(a+ b, s). The element M,,, is calculated as:

. X nk mk .
My, = argmax{Z},}, )., = Z Z P, (3.34)
J=1..C F=rpk V=Vpk

Map matrix M (only for UF2DR): when (n,m) is not empty, M,,, is given by:

Onm
Y
an

My = nm=1,....s (3.35)

When (n,m) is empty, the mask semi-size k is calculated as:

k = argmin {ar € {rutsee R}V € ity Vit } i Py > 0} (3.36)
I=1,...,s

where r,,;, Ry, v and V,,; are defined as above for UF2DC. The element M,,,, is calcu-

lated as:
nk mk
Y ) o.
My = — (3.37)
nk mk

L Y Pu

F=rpk V=Vmk
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17. Efficient calculation of M: the values M,,,, for UF2DC and UF2DR can be efficiently
calculated using Algorithm 2.

Algorithm 2: Efficient calculation of the M matrix from P,{m (resp. Onp and Pyyy)
for UF2DC (resp. UF2DR).

1 for n=1:sdo

2 k() = 1;

3 for m=1:s do

4 P = Z /s #UF2DC;
5 if P, > O then
6 M,,, = argmax{P} }; #UF2DC;
j=1,....C
ill?l - Oi’ll?l/PIHﬂ? #UFzDR
kO - 1’
9 else
10 for k=ko:s do
1 Fae = @ (n,k);R = ©(n,k);
12 Vmk = ¢(m k) mk = (m7k);
13 for j=1:C do
) nk mk
14 Pim="Y, Y, Pl;#UF2DC;
F=Tnk V=Vmk
C .
15 P =Y, P},: #UF2DC;
j=1
RHA Vm/\
16 mn - Z Z Py; #UF2DR;
IF=rInk V=Vmk
17 if 22, > 0 then
18 My = arg max{@,{m} #UF2DC;
j=1,...
1 RnA Vink
an = Orv; #UFZDR;
i P nm i‘:z"‘jm \’;mG
20 ko = max(1,k — 1); break;

18. Resampled map matrix M’ (only for UF2DC, only for visualization): squared of size

s’ >s. Let §=1,000 be the maximum size of the resampled image and ['=10 the maxi-
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mum scale. Resize M by a scale y=min(T,S/s) to the size s' = min(Ls, S) and apply a
box kernel to achieve M, using the Matlab command:

M = imresize(M,y,box)

19. Image matrix I (only for UF2DC, only for visualization): squared of size s’. Let
&= L%ﬁ be the smoothing step, where | -] is the nearest integer. Smooth the matrix M’
applying the mode function to columnwise sliding neighborhoods with step & in order
to achieve I, using the Matlab command:

I=colfilt(M,[,€],s1iding,mode)

Trained UF2DC/UF2DR defined by:

1. Map size: s.

2. Map limits: L,,Uy, with g =1,2.

3. Total mean: X € IR”.

4. Mapping matrix: A, of size 2 X p.

5. 2D mean/deviation vectors: ¥, ¥ € IR%.
6. Map matrix: M, squared of size s.

7. Image matrix (only for UF2DC, only for visualization): I, squared of size s'.

Test stage: output prediction for a test pattern x;, € IR”.
1. Mapping: y, = A(x, —X) € IR?
2. Standardization: y, = (y;1,y,2) = (y; — ¥)/¥, with vector operations.

3. Prediction inside Z: if x, is mapped to a point y, inside %, i.e.

(ytq —L )

s q
1< <s
Ny —Lg

. g=12 (3.38)

then the output predicted for a test pattern X, is z; = My, with n = u,1, m = u; and uy,
for g = 1,2 is defined by eq. 3.29 replacing y;; by y:4.
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4. Prediction outside Z: if x, is mapped to a point y; outside %, i.c.:

s(yig — Lg) <1lor s(vig — Lyg)

> s, f =1 =2 3.39
N,—L, N,—L, s, for g or g ( )

then the predicted value is z; = My, where n = 1 when y,; < L, n = s for y,; > Uy,
m =1 when y;» < L, and m = s when y;, > Us.






CHAPTER 4

RESULTS AND DISCUSSION OF 2D
CLASSIFICATION AND REGRESSION

We evaluated UF2DC and UF2DR on a collection of classification and regression datasets,
described in the following sections. We used 4-fold cross-validation in all the experiments,
using 2, 1 and 1 folds in each trial for training, validation and test, respectively, for the hyper-
parameter tuning. All the programs are executed in Matlab R2012a under a Linux Kubuntu
18.04 (64 bit) computer with Intel®Core™ i7-4790K CPU at 4GHz, equipped with 32GB of
RAM. The classifiers and regressors are allowed a maximum run time of 192 hours (8 days).

4.1 Classification

Figure 4.1 (left panel) plots the simple 2D artificial dataset multiple-spirals-appart, generated
by us with N = 1,200 patterns in C = 6 classes (spirals) with N; = 200 patterns/class for
j=1,...,C. The i-th point in the j-th spiral (xj;,y;;), with j=1,...,Cand i =0,...,N;, is
given by:

Xji = pjicos Oji,  yji = pjisin6ji, pji=2mi/Nj, 8ji=pji+] .1

The classification map defined by UF2DC in the right panel of Figure 4.1 shows the re-
gions of the 6 classes, that are clearly separated, and the training patterns (small squares in
the figure), that are placed in the regions of the right classes.

Table 4.1 compiles the 26 real classification datasets from the UCI machine learning repos-

itory [24], sorted by decreasing populations, that we used to evaluate the proposed approach
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Figure 4.1: Data set multiple spirals appart (left) and classification map defined by UF2DC (right).

UF2DC for classification problems. Figure 4.2 shows an example of classification map de-
fined by UF2DC in one of these datasets (t ic—tac), that has two classes. The 2D mapped
training patterns of both classes are very separated and they are placed inside the region of
the classification map associated to its right class, excepting few patterns, so that UF2DC
discriminates perfectly between both classes.

The performance of UF2DC on the datasets of Table 4.1 is compared with other six well-
known classifiers. Those classifiers whose name starts with p are trained on the original

p-dimensional patterns.

-1 -0.5 0 0.5 1 15

Figure 4.2: Classification map defined by UF2DC and 2D training patterns for dataset t i c—tac with 2 classes.
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Dataset Name N p | C
Susy susy 5,000,000 | 18 | 2
MiniBooNE particle identification miniboone 130,064 | 50 | 2
Mnist mnist 70,000 | 719 | 10
Connect-4 connect-4 67,557 | 42 | 3
Adult adult 48,842 14 | 2
MAGIC Gamma Telescope magic 19,020 10 | 2
Nursery nursery 12,958 8 | 4
Abalone abalone 4,177 9 3
Image segmentation imseg 2,086 18 | 7
Tic-tac-toe endgame tictac 958 18 |2
Annealing annealing 886 52 |5
Vehicle silhouettes vehicle 846 18 | 4
Energy efficiency energy-heat 768 713
Pima indians diabetes pima 768 8 |2
Australian credit approval australian 690 3512
Mammographic mass mammograph 642 1512
Synthetic control chart time series synthetic 600 60 | 6
Dermatology dermatology 366 98 | 6
German credit german 366 44 | 2
Tonosphere ionosphere 350 33|12
US congressional voting records voting 342 32|12
Statlog heart heart 270 20 | 2
Seeds seeds 210 713
Sonar, mines vs. rocks sonar 208 60 | 2
Wine recognition wine 178 13 |3
Hepatitis domain hepatitis 155 24 | 2

Table 4.1: List of the 26 UCI classification datasets.

1. pGSVC: Gaussian kernel support vector machine classifier (LibSVM [15] library v.
3.22) on the original p-dimensional patterns. It was selected because it is a state-of-the-
art classifier [22], although its training speed, tunable hyper-parameters (regularization
parameter, with 11 values in the set {2/} with i from -5 to 15 with step 2, and inverse of
the Gaussian kernel spread, with 10 values in the set {2/} with i from -15 to 3 with step

2) and memory requirements may hinder its use with large datasets.

2. pLSVC: large-scale linear kernel support vector machine (LibLinear [27] library v.
2.3.20), working on the original p-dimensional patterns. It is selected due to its speed
and ability to process large datasets. However, its performance is expected to be subop-
timal compared to pGSVC because the former uses a linear kernel. The regularization
parameter is tuned as pGSVC.

3. pWLSVC: a linear SVC combined with dimensionality reduction in a wrapper ap-
proach [81], performed by a radial basis function (RBF) neural network trained to op-
timize the performance of the linear SVC (LibSVM v. 3.18), that is applied on the 2D
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mapped patterns'. The spread of the RBF network is tuned with values 2/ for i=-7 to 7
with step 2, and the regularization parameter of the linear SVC is tuned as pGSVC.

4. pPNN: probabilistic neural network [68], implemented by the newpnn function in the
Matlab Neural Network Toolbox?, trained on the original p-dimensional patterns. This
classifier was selected due to its speed, low memory requirements and simple tuning
(only the spread of the Gaussian functions must be tuned with 19 values between 0.001

and 10), which allows to classify large datasets.

5. hPNN: the PNN trained on the A-dimensional patterns (& = C — 1) mapped by LDA
using a matrix A of size & X p composed by the 4 main eigenvectors of (W + aIp)’lB.
This classifier was tuned as pPNN.

6. 2PNN: the PNN trained on the 2D patterns mapped by LDA using the 2 main eigen-
vectors and tuned as pPNN.

Table 4.2 reports the Cohen kappa score [14], averaged over the 4 folds (standard de-
viations are not reported to save space and increase readability), achieved by the previous
classifiers in each dataset, and the average kappa over all the datasets (lower row) for each
classifier, excluding errors. The kappa is used instead of accuracy because it takes into ac-
count the class unbalancing, discarding the agreement by change between predicted and true

class. The value of kappa (k, in %) can be calculated as:

_ c
K= 10017:_7;:, Da = Znii

E()E) -

where 7;; is the number of patterns of class i that classifier predicts as of class j. Dashed

HMQ

(—) cells in Table 4.2 correspond to datasets where the corresponding classifier did not finish
within 8 days (which will be referred as “time errors”) or crashed due to lack of memory
(referred as “memory errors”). This happens in the 4 largest datasets (mnist, miniboone,
susy and connect—-4) for pGSVC (time errors); in the same datasets plus adult for
pWLSVC (time errors); and in dataset susy for pPNN, Z/PNN and 2PNN (memory errors).

Uhttp://faculty.ucmerced.edu/mcarreira-perpinan/research/software/ldsvm.tar.gz
Zhttp://www.mathworks.com
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Dataset pGSVC | pLSVC | pWLSVC | pPNN | hPNN | 2PNN | UF2DC
wine 0.958 | 0.983 0.974 0.932 | 0.992 | 0.992 | 0.983
tictac 0.977 | 0.960 0.975 0.970 | 0.958 | 0.963 | 0.960
annealing 0.970 | 0.956 0.764 0.906 | 0.958 | 0.926 | 0.866
seeds 0.907 | 0.943 0.865 0.894 | 0.950 | 0.950 | 0.951
dermatology 0.959 | 0.939 0.622 0.932 | 0.946 | 0.736 | 0.666
nursery 1.000 | 0.866 0.732 0.917 | 0.931 | 0.875 | 0.836
voting 0.885 | 0.862 0.876 0.786 | 0.872 | 0.873 | 0.839
mnist — 0.837 — 0.931 | 0.900 | 0.521 | 0.509
imseg 0.954 | 0.795 0.593 0.929 | 0.921 | 0.754 | 0.726
energy-heat 0918 | 0.787 0.815 0.862 | 0.907 | 0.907 | 0.856
synthetic 0.990 | 0.782 0.494 0.960 | 0.966 | 0.778 | 0.756
miniboone — 0.724 — 0.818 | 0.768 | 0.763 | 0.761
ionosphere 0.865 | 0.700 0.843 0.877 | 0.707 | 0.688 | 0.671
heart 0.686 | 0.692 0.667 0.713 | 0.658 | 0.673 | 0.617
australian 0.719 | 0.675 0.685 0.555 | 0.697 | 0.714 | 0.690
vehicle 0.769 | 0.672 0.531 0.609 | 0.707 | 0.650 | 0.617
mammograph | 0.579 | 0.568 0.613 0.551 | 0.568 | 0.545 | 0.510
adult 0.556 | 0.556 — 0.488 | 0.521 | 0.525 | 0.503
susy — 0.544 — — — — 0.517
sonar 0.639 | 0.543 0.597 0.657 | 0.352 | 0.374 | 0.321
magic 0.708 | 0.524 0.710 0.621 | 0.497 | 0.574 | 0.592
pima 0.476 | 0.469 0.460 0.394 | 0472 | 0.464 | 0.438
abalone 0.454 | 0.454 0.487 0.442 | 0.469 | 0.472 | 0.442
connect-4 — 0.422 — 0.428 | 0.451 | 0.450 | 0.408
hepatitis 0.489 | 0.348 0.500 0.454 | 0.367 | 0.454 | 0.373
german 0.281 0.313 0.179 0.143 | 0.198 | 0.248 | 0.286
Average 0.761 0.689 0.666 0.711 | 0.709 | 0.675 | 0.642

Table 4.2: Kappa achieved by pGSVC, pLSVC, pWLSVC, pPNN, #hPNN, 2PNN and UF2DC.

The average kappa achieved by UF2DC (0.642) is only 0.119 below pGSVC (0.761) and
0.069 below pPNN, so the method proposed by us to define the 2D map is only slightly
below the classification on the original p-dimensional space. The difference between pGSVC
and UF2DC is below 0.15 in 15 of 26 datasets, it is always below 0.31 and only overcomes
0.2 in four datasets: synthetic, dermatology, imseqg and sonar. In the first three
datasets, the low performance of UF2DC is caused by retaining only 2 eigenvectors in LDA
for 2D visualization, as shown by the fact that 2PNN achieves kappa similar to UF2DC, while
hPNN (using C — 1 eigenvectors) is similar to pGSVC. This also happens in dataset mnist,
where pGSVC does not finish, but UF2DC and 2PNN achieve kappa fairly lower than pPNN
and APNN. In this dataset, this fact is emphasized by the high number of classes (C = 10),
which is widely known that raises the number of required eigenvectors in the LDA. In dataset
sonar, hPNN already is below pPNN and pGSVC, so retaining / eigenvectors also reduces
the performance.

Comparing 2PNN and UF2DC, the difference never overcomes 0.1, so their performances

are very similar. This means that the proposed method defines 2D classification maps simi-
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Figure 4.3: Values of kappa achieved using pPNN, 2PNN and UF2DC.

larly to PNN trained on the 2D mapped patterns (2PNN), but without training and tuning a
classifier, so it is much faster, as we will see. Another remarkable fact is that pPNN and /PNN
achieve similar average kappas (0.711 and 0.709, respectively), which shows that PNN com-
bined with LDA using the 7 main eigenvectors (i.e., a mapping to IR” instead to IR?) achieves
performances similar to the original patterns. In 16 of 26 datasets h/PNN overcomes pPNN,
and pPNN only overcomes #/PNN by more than 0.1 in 3 datasets.

The average kappa (0.689) of pLSVC is only 0.05 above UF2DC, because the former uses
the original patterns, but the difference only overcomes 0.1 in 3 of 26 datasets, achieving its
highest value in dataset mnist, because C is high and UF2DC uses only two eigenvectors.
The pWLSVC is 0.095 below pGSVC and 0.0119 above UF2DC, but in 5 of 26 datasets it
does not finish within 8 days.

Figure 4.3 shows that UF2DC follows 2PNN very nearly, and they follow pPNN except
in: 1) datasets synthetic, dermatology, mnist and imseg, due to the use of only
two eigenvectors; and 2) datasets ionosphere and sonar, where h/PNN (see Table 4.2)
is already below pPNN and pGSVC. The low difference between UF2DC and 2PNN can be
considered a low price to pay in order to achieve a faster method to define the 2D classifi-
cation map without the need of training a classifier. It is also remarkable that for 8 of 26
datasets (e.g. australian and voting) UF2DC overcomes pPNN. Globally, the use of
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two eigenvalues for 2D visualization in UF2DC causes a performance loss (in kappa) com-
pared to p-dimensions (pGSVC or pPNN) that is not significant for 20 of 26 datasets, being
significant only for 6 of them, with an average loss (last line of Table 4.2) of 0.119 between
pGSVC and UF2DC over all the datasets.

Dataset pPNN | 2PNN | pGSVC | pLSVC | pWLSVC | UF2DC | Map
susy — — — 1.1e+05 — 175.48 | 62.97
mnist 2e+05 | 6896.84 | 1.9e+07* | 2.1e+04 | 2.6e+07* | 70.12 |30.06
miniboone 5.9e+04 | 1.3e+04 | 3.8e+06* | 849.71 — 92.19 | 1445
connect-4 1.7e+04 | 1034.54 | 3.1e+06* | 1698.22 | 3.8e+07* | 13.99 | 11.13
adult 7073.83 | 584.05 | 5.2e+05 | 476.90 | 9.6e+06* | 15.84 | 8.15
magic 127.55 | 8534 | 1.6e+04 | 22.88 | 7.7e+05* 1.65 | 7.26
nursery 89.59 | 43.05 | 3908.50 | 45.27 | 2.7e+05 1.64 | 9.96
abalone 14.88 8.13 10.57 10.72 1.6e+05 0.51 4.26
annealing 5.37 321 21.74 4.86 1.3e+05 0.15 0.79
imseg 4.87 3.80 35.67 13.82 1.2e+05 0.25 1.60
synthetic 2.69 2.56 11.83 5.76 5.5e+04 0.12 | 0.61
tictac 2.54 2.37 14.12 0.75 4.2e+04 0.09 | 0.94
australian 2.49 2.37 10.14 1.06 3.8e+04 0.09 | 0.69
dermatology 2.46 2.55 8.87 1.99 3.6e+04 0.10 0.36
energy-heat 2.39 2.37 6.26 1.12 2.7e+04 0.07 | 0.78
vehicle 2.37 2.26 11.30 2.97 2.3e+04 0.09 | 0.82
mammograph | 2.03 1.99 10.98 0.85 1.6e+04 0.05 0.66
german 2.02 2.06 4.65 0.83 1.3e+04 0.05 | 0.38
pima 2.02 1.99 10.34 0.70 1.1e+04 0.06 | 0.75
ionosphere 1.89 2.76 3.53 0.41 8204.34 0.04 | 0.30
voting 1.85 1.88 3.50 0.35 6781.85 0.05 | 033
sonar 1.79 1.87 2.89 0.35 5398.25 0.04 | 0.24
heart 1.68 1.71 2.31 0.31 4506.20 0.03 | 0.26
hepatitis 1.60 1.61 1.33 0.26 3381.11 0.03 | 0.16
seeds 1.51 1.61 1.12 0.22 2025.15 0.03 | 0.26
wine 1.51 1.57 1.22 0.14 953.14 0.03 | 0.19

Table 4.3: Elapsed time spent by pPNN, 2PNN, pGSVC, pLSVC, pWLSVC and UF2DC, and by the map
definition.

Table 4.3 reports the times spent by pPNN, 2PNN, pGSVC, pLSVC, pWLSVC and
UF2DC in each classification dataset, sorted by decreasing times of UF2DC. Values with
asterisks (pGSVC in datasets mnist, miniboone and connect-4) are times estimated
using the number of tuning trials finished by pGSVC within 8 days, because pGSVC had
time errors (it did not finished within 8 days, as reported in Table 4.2). Dashed cells mean
that no tuning trial was finished due to time or memory errors, so the time could not be es-
timated. The times of UF2DC are really tiny compared to the remaining classifiers, whose
values raise very fastly with the dataset population, specially pWLSVC, which is the slowest,
and pGSVC. The pPNN is slower than 2PNN, and both are much slower than UF2DC. De-
spite pLSVC is known to be very fast, it is 10-1000 times slower than UF2DC depending on
the dataset size. Note that UF2DC only spends 1 and 3 minutes to classify large datasets as
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Figure 4.4: Times (in a logarithmic scale) spent by 2PNN, UF2DC, pGSVC, pLSVC and pWLSVC.

mnist (70,000 patterns, 719 inputs) and susy (5 million patterns), where pLSVC spends
6 and 32 hours, respectively. Remember that LDA requires to calculate the eigenvectors of
the p-order squared matrix (W + aI,)~'B, which may be time-consuming for high p. How-
ever, the UF2DC classifier is fairly fast (70 s.) on the dataset with the highest dimensionality
(mnist, p=719). Therefore it scales pretty well with the number of inputs compared to other
classifiers, although it is oriented to data visualization and classification of general, and not
specifically high-dimensional, datasets.

The last column (Map) of Table 4.3 reports the times spent by UF2DC to define the map of
the whole dataset including the resampling time (see section 3.3). These times only overcome
10 s. in the 4 datasets with more than 50,000 patterns, and they overcome one minute, only
slightly, in the largest dataset susy.

Figure 4.4 plots the times spent by 2PNN, UF2DC, pGSVC, pLSVC and pWLSVC. In
the smaller datasets (right end of the plot), UF2DC is in general two orders of magnitude
faster than pGSVC and 2PNN, six orders faster then pWLSVC and one order faster than
pLSVC. The difference raises with the dataset size (left end of the plot) to six orders for
pGSVC (pWLSVC has time errors) and two (resp. three) orders for 2PNN (resp. pLSVC),
because UF2DC does not increase the size s of matrices P/ and M, while the other classifiers
strongly slow down with N and p.
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Considering the times spent by UF2DC in each stage of the map definition, the calculation
of the P/ matrices (section 3.3) spends a maximum time of 0.3 s. in the largest dataset susy
(5 million patterns). The median filtering is also very fast, with times below 0.44 s. in all
the datasets. The calculation of the M matrix also spends times below 1 s. except in the
largest datasets susy (1.1 s.), adult (2.2 s.), connect-4 (3.1 s.), miniboone (6.4 s.)
and mnist (9.2 s). Remarkably, this time: 1) does not depend so much on N because the
size of matrices P/ and M is upper bounded by Sy when N > S%] /M; and 2) depends on the
percentage of empty squares, i.e., on the pattern distribution. This explains that the calculation
of M in UF2DC is faster in dataset susy, with N=5,000,000 patterns, than in the other four
datasets, where N <130,000 patterns. Therefore, UF2DC scales well with N, being suitable
for large-scale classification problems. It also scales well with p, which does not influence
the elapsed time after the LDA mapping, although the calculation of the covariance matrices
W and T, both of size p, in LDA might be slow for very high p.

Dataset Name N P
Gas sensor array under dynamic gas gas-co 4,178,504 | 17
Indiv. household electric power consum. household 2,049,280 | 6
Dynamic features of virusshare execs. dynamic 107,856 | 482
Relative location of CT slices CT-slices 53,500 | 374
Appliances energy prediction app-energy 19,735 26
Combined cycle power plant combined-cycle | 9,527 4
Communities and crime com-crime 1,994 122
Airfoil self-noise airfoil 1,503 5
Air quality air-quality-NOx 1,230 8
Geographical origin of music geo-long 1,059 72
Concrete compressive strength compress-stren 992 8
Energy efficiency energy-cool 768 7
Bike sharing bike-day 731 31
Student performance student-por 649 30
Istanbul stock exchange stock-exchange 536 8
Facebook performance metrics fb-metrics 500 20
Boston housing housing 452 13
Auto MPG auto-mpg 398 23
Yacht hydrodynamics yacht-hydro 308 6
1985 Auto imports automobile 194 66
Servo servo 167 15
Concrete slump test slump 103 7
Daily demand forecasting orders daily-demand 60 12

Table 4.4: List of the 23 UCI regression datasets.
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Regression

Table 4.4 compiles the 23 UCI regression datasets used to evaluate UF2DR, with N and p,

which are high for some datasets (up to four million patterns and almost 500 inputs). In all

the experiments, UF2DR uses 1 = 5 (five times more squares in the map than patterns) and

X:

10 (number of output levels in the LDA mapping, see section 3.1). The UF2DR was

compared to the following five well-known regressors in the literature:

1.

pGSVR: Gaussian kernel €-support vector regression (LibSVM library v. 3.22), ap-
plied on the original p-dimensional patterns. This regressor was selected by its good
performance [28]. The loss function uses €=0.1 and the regularization parameter and

inverse of the Gaussian kernel spread are tuned as pGSVC.

pLSVR: linear support vector regression (LibLinear library v. 2.3.20), also on the p-
dimensional patterns, with L2 regularized L.2-loss SVR (primal) solver and € = 0.1.
The regularization parameter is tuned as pGSVR. This regressor is included due to its

speed, which makes it suited for large datasets.

PpGRNN: generalized regression neural network (newgrnn function in the Matlab
Neural Network Toolbox) on the p-dimensional patterns. This regressor was selected
by its speed [67] and easy hyperparameter tuning, only the Gaussian spread, with 25
values between 0.001 to 50.

AGRNN: the GRNN trained on the #-dimensional patterns (# = C — 1) mapped by LDA
retaining the 4 main eigenvectors, tuned as pGRNN.

2GRNN: the GRNN trained on the 2D patterns mapped by LDA retaining only the two

main eigenvectors, tuned as pGRNN.

In regression problems, the performance can be evaluated by several measurements. One

of the most popular is the root mean squared error (RMSE):

1
N !

1

N
RMSE = (0,‘72,‘)2 (42)
=1

where o; is the true outcome, while z; is the outcome predicted by the regressor, for the

i-th data. The lower RMSE value, the more reliable prediction. Since the differences are
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Dataset pGSVR | pLSVR | pGRNN | AGRNN | 2GRNN | UF2DR
bike-day 0.998 | 0.997 0.745 0.986 0.997 0.989
yacht-hydro 0.989 | 0.650 0.539 0.966 0.991 0.934
daily-demand 0979 | 0.979 0.805 0.809 0.823 0.770
energy-cool 0.965 | 0.883 0.903 0.899 0.939 | 0.901
combined-cycle | 0.947 | 0.928 0.943 0.931 0.941 0911
fb-metrics 0.940 | 0.871 0.718 0.623 0.985 0.974
automobile 0.905 | 0.904 0.831 0.815 0.717 0.635
air-quality-NOx | 0.872 | 0.800 0.856 0.834 0.835 0.796
auto-mpg 0.863 | 0.847 0.792 0.783 0.857 0.802
compress-stren | 0.862 0.611 0.671 0.675 0.679 0.614
CT-slices — 0.861 1.000 0.998 0.933 0.908
airfoil 0.858 | 0.508 0.781 0.782 0.638 0.616
housing 0.830 0.712 0.712 0.787 0.764 0.684
stock-exchange | 0.785 | 0.785 0.708 0.730 0.772 | 0.651
Servo 0.776 | 0.706 0.334 0.921 0.802 | 0.692
gas-co — 0.687 — — — 0.737
com-crime 0.669 | 0.644 0.548 0.629 0.632 | 0.494
app-energy 0.406 | 0.161 0.373 0.262 0.187 0.052
slump 0.345 | 0.266 0.266 0.304 0.410 | 0.367
student-por 0.298 | 0.270 0.258 0.270 0282 | 0.144
geo-long 0.272 | 0.160 0.231 0.208 0.104 | 0.033
household — 0.248 — — — 0.243
dynamic — 0.014 0.486 0.472 0.270 | 0.353
Average 0.766 | 0.630 0.643 0.699 0.693 0.622

Table 4.5: Squared correlation R? achieved by pGSVR, pLSVR, pGRNN, ~/GRNN, 2GRNN and UF2DR.

squared, the large difference values are weighted much more than the low values, so the RMSE

penalizes the high differences. Note that RMSE measures the error instead of performance.
Another important performance metric is the Pearson correlation coefficient (denoted as

R), defined as the sum of component-wise products of true and predicted outcomes, after

subtracting their means, divided by the product of their variances:

N N

Z(oi—ﬁ) Z(Zi_Z)

y 0= ZO[,Z:

k= 1 ¥ 1 ¥ i=
\/N,Zl(Oi_O) N;(Zi—f)

The R values range from -1, that means that true and predicted outcomes are completely

N
Zzi, “4.3)

sign-reversed, to +1, that means perfect coincidence between true and predicted outcomes.
The coincidence is calculated by discarding mean and variance factors. The correlation value
is relevant because the dependence with the absolute values of the true outcome has been
removed by subtracting the outcome mean and dividing by the outcome variance, so that
R evaluates the coincidence between true and predicted outcomes independently from their

specific values.
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Figure 4.5: Values of R? achieved by pGRNN, 2GRNN and UF2DR.

Table 4.5 reports the squared correlation (R*) between the true and predicted outputs
achieved by the previous regressors and by UF2DR in each dataset, and the average R> over
all the datasets excepting errors (last row). We used the R? instead of RMSE because it is a
performance (not error) measurement, and because 0 < R? < 1 while 0 < RMSE < oo, so that
R? measures better how near the regressor is from the perfect prediction (R* = 1) in absolute
terms. The dashed cells in Table 4.5 correspond to regressors and datasets which achieved
memory (pGRNN, AGRNN and 2GRNN in gas—co and household) or time (pGSVR in
CT-slices, gas—co, household and dynami c) errors.

The highest average R? is achieved by pGSVR (0.766). The ”GRNN and 2GRNN achieve
average R” about 0.69, outperforming pLSVR and pGRNN, which achieve about 0.63-0.64
using the original high-dimensional patterns. The average R> of UF2DR (0.622) is 0.144 be-
low pGSVR, and the difference is below 0.15 in 11 of 19 datasets where pGSVR does not
fail, so the 2D mapping does not reduce very much the performance. In the majority of the
8 remaining datasets (daily-demand, automobile, compress—stren, airfoil,
housing, app—-energy, student-por and geo—1ong), 2GRNN is also below pGSVR,
but AGRNN is near pGSVR, so the decrease in performance is also caused by retaining 2 in-
stead of & eigenvectors. Comparing UF2DR and pLSVR, the average R? is very similar (0.622
and 0.630, respectively).
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Figure 4.6: Average R* achieved by UF2DR using different numbers .Z of levels in the LDA mapping.

Figure 4.5 compares the R> achieved by pGRNN, 2GRNN and UF2DR. Since pGRNN
and 2GRNN achieve memory errors in datasets gas—co and household, the associated
circles in Figure 4.5 are missing, and the squares correspond to pLSVR. The 2GRNN and
UF2DR are very near each other, and usually near pGRNN, and the exceptions (6 of 23
datasets) are due to retain only 2 eigenvectors. In some datasets (app-energy, student—
por and geo—1ong), the R? of pGSVR is already very low, and the value of UF2DR is not
much lower.

Figure 4.6 reports the average R? over all the datasets achieved by UF2DR using different
numbers .Z of output levels (section 3.1). First, note that the vertical scale is very narrow
(0.58-0.65), so the influence of . in the performance of UF2DR is low. Therefore, a default
value can be used for .Z and a specific tuning is not required. With low .Z (about 3-10, left
end of the plot), the average R? raises achieving the highest values in a narrow interval about
Z£=10-15 levels, so the selected default value .2 = 10 is a good choice, whose performance
is very near to the best one. The behavior fastly degrades for .2 > 16 and does not raise
again for larger ., but the elapsed times increase because more covariance matrices must be
calculated (eq. 3.3).

Table 4.6 reports the times spent by pGRNN, 2GRNN, pGSVR, pLSVR and UF2DR on
the regression datasets. Only UF2DR and pLSVR are able to process all the datasets, while
pGRNN and 2GRNN had memory errors in gas—co and household, and pGSVR had time

errors in gas—co, household, dynamic and CT-s1lices. The times with asterisks are
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estimated considering the number of tuning trials executed by pGSVR within 8 days (because
it had time errors, see Table 4.5), although it could not be estimated in datasets gas—co and
household (4 and 2 million patterns, respectively) because no tuning trial was finished.
The times of UF2DR are much lower than the other regressors, and the difference with them
raises fastly with N after dataset com—crime (1,994 patterns): 1-2 orders of magnitude with
pLSVR, and 3-6 orders of magnitude with the remaining regressors.

Figure 4.7 plots the times spent by 2GRNN, UF2DR, pGSVR and pLSVR. In the smallest
datasets (right part of the plot), the times of UF2DR are 1 and 2 orders lower than pLSVR
and pGSVR-2GRNN, respectively. The difference raises in the largest datasets (left part of
the plot) to 6 orders for pGSVR, 3 orders for 2GRNN, and 1-2 orders for pLSVR (2 orders
in datasets CT-slices and dynamic, with high p). In the largest datasets gas—co and
household, pLSVR is 10-15 times slower than UF2DR, which only spends 1-2 minutes.
The time spent by UF2DR scales so well with N > S%] /M because the map size s is upper
bounded by Sy = 300, and because the time sensitivity with p is low, as discussed in section
4.1.

Dataset pGRNN [ 2GRNN | pGSVR | pLSVR | UF2DR | Map
gas-co — — — 1910.12 | 135.79 | 45.13
household — — — 635.55 | 51.54 |16.89
dynamic 2.1e+05 | 1.2e+04 | 9.2e+06" | 5545.75 | 31.33 | 9.96
CT-slices 5.7e+04 | 1301.95 | 4.6e+06* | 380.80 | 25.92 | 7.59
app-energy 305.00 | 132.94 | 1.7e+05 | 11.69 2.70 1.12
combined-cycle | 37.15 34.22 4e+04 2.88 1.13 0.51
com-crime 18.29 9.89 182.96 5.33 0.47 0.18
geo-long 6.29 4.69 42.72 1.44 0.21 0.10
air-quality-NOx | 3.52 3.38 279.54 0.55 022 | 0.12
airfoil 3.34 3.67 439.99 0.54 0.19 | 0.08
bike-day 3.11 2.93 7.96 0.50 0.11 0.05
student-por 2.94 2.74 17.07 0.49 0.10 | 0.04
compress-stren 2.84 2.83 112.40 0.42 0.16 0.06
energy-cool 2.49 2.46 93.58 0.32 0.12 0.07
fb-metrics 2.40 2.37 10.34 0.35 0.08 0.03
auto-mpg 2.29 2.33 7.21 0.30 0.06 | 2.68
stock-exchange 2.23 2.28 43.86 0.25 0.08 0.03
housing 2.21 2.24 14.45 0.26 0.07 0.03
automobile 2.20 2.48 2.85 1.13 0.06 | 0.02
yacht-hydro 1.98 2.00 6.97 0.15 0.04 0.02
servo 1.86 1.95 2.28 0.14 0.03 0.01
slump 1.79 1.86 1.30 0.10 0.02 | 0.01
daily-demand 1.78 1.83 0.40 0.07 0.02 | 0.01

Table 4.6: Elapsed time spent by pGRNN, 2GRNN, pGSVR, pLSVR and UF2DR, and by the map definition.

The last column (Map) in Table 4.6 reports the times spent by UF2DR to define the map
of the whole dataset, with very low values which only overcome 10 s. in the two datasets
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Figure 4.7: Times (log. scale) spent by 2GRNN, UF2DR, pGSVR and pLSVR.

with more than 2 million patterns (gas—co and household). These times are compara-
tively larger in some datasets (e.g. auto-mpg) with many empty squares, being lower than
UF2DC in the smallest datasets due to the lack of median filtering, map resampling and image
smoothing.

The two steps in the definition of the regression map are: 1) calculation of population P
and output O matrices, which spend times below 0.1 excepting household and gas-co,
with the longest time, 0.381 s.; and 2) calculation of the M matrix, which is also fast with
times below 1 s. excepting household and CT-slices, spending only 0.25 s. in the
largest dataset gas—co despite its high N.

4.3 Discussion

The proposed methods ultra-fast 2D classifier (UF2DC) and regressor (UF2DR) define a 2D

map which visualizes the high-dimensional problem by:

1. Using linear discriminant analysis to project the data in 2D, and dividing in a grid of
squares the region where the standardized 2D patterns are placed.
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2. Defining the 2D map as a squared matrix where each element is the predicted value for

the mapped patterns which are located in the square associated to that element.

In UF2DC, the predicted output for a square is the label of the class with the highest
relative population of patterns located in that square, in order to manage possible class im-
balances. In UF2DR, the predicted output for a square is the average output over the training
patterns inside that square. In empty squares, the voting and average are performed over the
smallest non-empty squared region.

The experimental work compares UF2DC and UF2DR with several well-known classifiers
and regressors using high-dimensional and 2D mapped patterns with very large datasets (up

to 5 million patterns and 791 inputs). The results show that:

1. The proposed methods perform an understandable 2D visualization of classification and

regression datasets.

2. This visualization can be developed without a big loss in performance: comparing with
the best method (pGSVC and pSVR), the loss is about 0.12 and 0.14 in kappa and R?
in average, respectively, but only 0.02 and 0.008 comparing with pLSVC and pLSVR,
that were the only classifier and regressor of the collection that could be executed on

the largest datasets.

3. Both UF2DC and UF2DR are very fast, projecting datasets with 5 million patterns in
just 1 minute and being 1,000 (resp. 10) times faster than the other classifiers (resp.
regressors). Most of these methods required huge amounts of memory or could not

process large datasets in a reasonable time.



CHAPTER 5

AUTOMATIC BEHAVIOR PREDICTION IN
AUTISM SPECTRUM DISORDER

Machine Learning is an important topic in Artificial Intelligence that encloses methods (or
models) for the automatic prediction of values using on data examples. A model learns to pre-
dict the output (or outcome) value as a function of the input data in a process called training,
that uses a collection of pairs input-output examples. During training, the model changes the
values of its parameters in order to predict an outcome near to the true value for the training
data, i.e., to predict an output value for the training data near to the true value. The trained
model is expected to generalize its predictions with reliability to new input data not used dur-
ing training. In our case, each output to be predicted is a CBCL outcome (section 6.2), that
have continuous values, so their prediction is named “regression” and the models used to pre-
dict them are named “regressors”. Often, regressors have hyper-parameters, i.e. values that
are not calculated during training but they must be set previously. These values may influence
the reliability of the model prediction. Their values are usually set by trying several values and
selecting the one with the most reliable prediction (see subsection 6.3 below) on a separate
dataset, in a process named “hyper-parameter tuning”.

As explained in section 6.2, for each CBCL outcome it is a common clinical practice to
diagnose a participant as normal or pre-clinical/clinical, depending on whether the outcome
value is below or above 60, or in normal, pre-clinical and clinical, when the value is below
60, between 60 and 70 and above 70, respectively. In order to measure the validity of the

prediction to perform a diagnosis, the outcome value (S1-S8, internal, external and total)
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predicted by the ML regressor is thresholded and converted in a class label: normal and
clinical, thus defining a binary classification problem; or alternatively as normal, pre-clinical
and clinical, thus considering three classes.

For the current study, we selected a collection of 26 regressors that provided the best
performances in our previous exhaustive comparison [28]. The methods used in the current

study are implemented in several languages:

1. The R Statistical and Computing Language !, using regressors implemented by several

packages [20].
2. The Octave Scientific Programming Language? .
3. The Matlab computing language, using the Statistics and Machine Learning Toolbox>.

4. The Python programming language, with the scikit-learn Machine Learning

module®.

The hyper-parameter tuning was performed by trying several values and selecting the one
with the lowest error (see subsection 6.3), using the so-called grid-search approach. For the
regressors implemented in the R statistical computing language, the collection of values used
for each hyper-parameter and data set were obtained by the function getModelInfo of the
caret’ R package [45]. These regressors (see Table 5.1) can be grouped in several families

or groups of methods related, that are described in the following sections.

5.1 Linear regression

We tried several multi-variate linear regressors [8] as a baseline to be compared with the
remaining ML regressors. The linear regressors calculate the output y to be predicted as
the scalar product of a weight vector w and the input x pattern, plus a bias term b, so that
y(x) = wl'x +b. The weight vector is calculated to minimize the least-mean-square error
between the true and predicted outputs. Linear regressors have no tunable hyper-parameter.

The regressors of this family that we use are the following:

Uhttp://www.r-project.org
Zhttp://octave.org
3http://mathworks.com
“http://scikit-learn.org
Shttp://topepo.github.io/caret
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Family Name Regressor Language
Ireg Octave
Linear Imreg Linear regression | Madab
Im R
pylm Python
ridge Ridge regression Python
Regularized lasso {;e;ast absolute shrinkage and selection opera- | Python
enet ElasticNet Python
sgd Stochastic gradient descent Python
Gaussian gpr Gaussian process regression Python
Kernel krr Kernel ridge regression Python
Support %3 RBF kernel e-SVR Octave
vector pysvr RBF kernel SVR Python
regression Isvr linear kernel SVR Octave
M3 Regression tree ‘R
Trees tree Python
cubist Tree + nearest neighbors R
bagging Bagging Python
it Random forest ‘R
8 pyrf Python
'g ExtraTrees | Extremely randomized regression trees R
% vote Committee linear reg. + random forest Python
M adaboost Boosting Python
bstTree R
pizglm Gradient boosting machine 7I1§yth0n
Neural pymlp Multi-layer-perceptron neural network Python
networks

Table 5.1: List of the 26 regressors used to predict CBCL outcomes from SP2 groups.

— lregq, in Octave, implemented by the LinearRegression function of the optim

package.

— lmreg, in Matlab, with the £it1m function of the Statistics and Machine Learning

Toolbox.

— 1m, in R with the 1m function of the intrinsic stats package.
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— pylm, in Python using the LinearRegressor object in the sklearn.line-

ar_ model module.

5.2 Regularized linear regression

This family of regressors uses a regularization term, alongside with the loss (difference be-
tween true and predicted output) that penalizes the complexity of the linear model. This term
is usually measured as the norm |w|, known as Li, or squared norm |w|?, known as L,, of
the weight vector w. Therefore, they have one tunable “regularization” hyper-parameter, that
defines the relative weight of each component (loss and regularization). All the regressors of
this family are implemented in Python by objects of the sklearn.linear_model mod-

ule. This family includes the following regressors:

— ridge: ridge regression, implemented by the Ridge object. The regularization term
is L, and the regularization hyper-parameter ¢ is tuned with values from O to 500 with
step 20.

— lasso: least absolute shrinkage and selection operator regression, that uses L; regu-
larization, implemented by the Lasso object, tuning o with values from -1 to 3 with
step 0.2.

— enet: elastic-net regression, implemented by the ElasticNet object, with both L;
and L,-norm regularization. So, two hyper-parameters @ and /; are tuned, with values
from 0.1 to 10 with step 0.5 and from 0 to 1 with step 0.2, respectively.

— sgd: stochastic gradient descent, implemented in Python by the SGDRegressor ob-
ject of the sklearn.linear_model module. The regularization hyper-parameter
« is tuned with 10 values equally spaced between 0.0001 and 0.5.

5.3 Support vector regression

These regressors are based on the well-known support vector machine [19] theory. We con-

sidered the following regressors of this family:

— svr: €-support vector regression (6-SVR), implemented by the Libsvm library [15]
and accessed through its Octave binding as in the previous section 4.2. We used the
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svr with radial basis function (RBF) kernel, tuning the regularization hyper-parameter
C and the RBF kernel spread inverse ¥, with values {2/} with i from -5 to 15 with step
2 and {2/} with i from -10 to 10 with step 2, respectively. The RBF kernel was used
because it is the one that provides usually the best performance. The margin parameter
g, that defines the tolerance for the €-insensitive loss function, takes the value €=0.1.

This parameter was not tuned because the SVR performance is not very sensitive to it.

— pysvr: €-support vector regression implemented by the SVR object in the sklearn.

svm module and tuning the same hyper-parameters as svr with the same values.

— lsvr: linear €-support vector regression implemented by the Liblinear library [27] and
accessed from Octave as in section 4.2. We tuned the regularization parameter C with
values {2/}, with i from -15 to 15 with step 2.

5.4 Regression trees
We included the following three variants of regression trees:

— M5: model tree [64] implemented by the Weka Data Mining Software [31] and accessed
from R using the M5Rules function of the RWeka package [39], that provides an

interface between R and Weka.

— tree: regression tree implemented in Python by the DecisionTreeRegressor

objectin the sklearn.tree module.

— cubist: M5 rule-based regressor with corrections based on nearest neighbors in the
training set, implemented by the Cubist R package [46]. Its hyper-parameters are the
number of training committees (with values 1, 10 and 20) and the number of neighbors
for prediction (values 0, 5 and 9). These values are determined automatically by the

getModelInfo of the caret package from the current dataset.

5.5 Ensembles

Several types of ensembles (collection of regressors) were also considered in this work. All
of them are collections of regression trees, and include:
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— bagging: bagging ensemble, whose trees are trained using different bootstrap samples

of the training set. We used the Python implementation provided by the Bagging-—
Regressor object of the sklearn.ensemble module, tuning the number of trees

with values from 10 to 50 with step 5.

Random forest, that trains each tree with a different boostrap sample of the training
set considering a different subset of inputs, randomly selected [12]. Both properties
add diversity to the ensemble, raising its performance compared to each single tree. We

used two popular random forest versions:

— rf, implemented in R by the randomForest package [48], tuning the number
of randomly selected inputs (mt ry) with 10 values between 2 and the number of
inputs.

— pyrf, implemented in Python by the RandomForestRegressor objectin the
sklearn.ensemble module, tuning the number of randomly selected inputs

(max_features) with values from 2 to the number of inputs.

ExtraTrees: ensemble of extremely randomized regression trees [35], implemented
by the extraTrees R package. We tuned the number of trees (n_trees) with 10

values from 2 to the number of inputs.

vote: voting committee composed by a linear regressor and a random forest, imple-
mented in Python by the Vot ingRegressor object of the sklearn.ensemble
module. Since this object is for regression problems, it replaces the voting by an ave-

raging among the regressors in the ensemble.

Boosting: ensemble of regression trees that are trained using a weighted training set,
where the weight of each pattern is given by the error of the previous tree on that pattern.

We used the following two versions:

— adaboost: adaptive boosting ensemble of regression trees with linear loss, im-
plemented in Python by the AdaBoostRegressor object of the sklearn.
ensemble module, that implements the Adaboost.R2 algorithm [23]. We tuned
the number of regression trees (n_estimators) and the learning rate (lear—
ning_rate) with values from 10 to 50 with step 10, and from 0.1 to 2 with step
0.5, respectively.
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— bstTree: boosting ensemble of componentwise linear, smoothing splines, re-
gression trees implemented by the bst R package [82]. The training uses gradient

boosting to optimize the squared error loss function and Gaussian family.
— Gradient boosting machine [32], including:

— gbm: stochastic generalized gradient boosting machine implemented by the gbm
R package [38] with a Laplace distribution. The tunable hyper-parameters are
the maximum depth of input interactions (interaction.depth), with values
from 1 to 10, and the number of trees for prediction (nt rees), with values from
50 to 500 with step 50.

— pybgm: Python implementation using the GradientBoostingRegressor
object in the sklearn.ensemble module tuning the number of trees (n_es—
timators), with values from 50 to 200 with step 50, and the maximum tree
depth (max_depth), with values from 1 to 9 with step 3.

5.6 Neural networks

The only neural network that we considered in this research was pylm, the multi-layer
perceptron neural network implemented in Python by the MLPRegressor object of the
sklearn.neural_network module. We used one hidden-layer, tuning its number of

neurons with values from 10 to 200 with step 20.

5.7 Other regressors
Additionally, we used the following methods:

— gpr: Gaussian process regression, implemented in Python by the GaussianPro-
cessRegressor object in the sklearn.gaussian_process module, using a

kernel achieved by suming DotProduct and WhiteKernel objects.

— krr: kernel ridge regression, implemented in Python by the KernelRidge object
in the sklearn.kernel_ridge module. This regressor learns a function similar
to €-SVR, with a radial basis function (RBF) kernel, but using a closed-form expres-

sion to calculate the trainable parameters by minimizing the squared error loss with Ly
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regularization instead of the &-insensitive function of SVR. The hyper-parameters o
(L-regularization) and o (RBF kernel width) are tuned with values from 0.1 to 2 with
step 0.5 and {2’} with i from -10 to 11 with step 2.

The whole collection of regressors listed above has been used to predict automatically the
11 CBCL outcomes listed in Table 6.2 using the 6 groups of SP2 items listed in Table 6.1, as

we will report in the next chapter.



CHAPTER 6

RESULTS AND DISCUSSION OF BEHAVIOR
PREDICTION

Before the presentation of results and discussion, we will describe the sample data (section
6.1) and the questionnaires used to perform the prediction (section 6.2). Then, we will de-
scribe the experimental settings (section 6.3) and the performance metrics used in the exper-
imental work (section 6.4). The results will be presented in terms of reliability in regression
in section 6.5, as well of classification into normal, pre-clinical and clinical diagnostics in

section 6.6. The chapter finalizes in section 6.7 with the discussion of the results.

6.1 Participants

The available data include 72 children and adolescents (21 females), aged between 6 and 14
years (mean = 7.83 years; SD = 2.80 years), diagnosed with ASD following the criteria es-
tablished by the Diagnostic and Statistical Manual of Mental Disorders in its revised fourth
version (DSM-IV-TR) or fifth version (DSM-5). Participants were part of a larger research
project, leaded by the Group of Genomic Medicine, studying the association between pheno-
type and genotype characteristics in ASD. Qualified clinicians who were part of the research
team confirmed the ASD diagnosis for research purposes, using the following two question-

naires:

ADI-R: autism diagnostic interview revised [65], a clinical interview useful for the ASD

diagnosis. It is focused on the assessment of core symptoms of the disorder, including
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sensory processing. This parent-report questionnaire consists of 93 questions focused
on three main domains related to ASD diagnosis: language/communication, reciprocal
social interactions and restricted, repetitive, and stereotyped behaviors and interests.
Questions are focused on the clinical history of the participant and their current situation

(recent months prior to the assessment).

ADOS: autism diagnostic observation schedule-2 [51], used to assess clinical traits of ASD
such as communication, social interaction and play or imaginative use of materials. It
consists of five modules (T, 1, 2, 3 and 4) that are applied according to the language
skills and chronological age of the participant. Each module is composed of a set of ac-
tivities and, according to participant’s performance, the evaluator observes and confirms

the presence of social and communicative behaviors relevant to the ASD diagnosis.

All parents who agreed to voluntarily participate gave the written informed consent, ob-
tained in accordance with the Declaration of Helsinki. The studies involving human parti-
cipants were reviewed and approved by the Research Ethics Committee of Santiago-Lugo.
Written informed consent to participate in this study was provided by the participants’ legal

guardian or next of kin.

6.2 Questionnaires

The Sensory Profile 2 (SP2) child record form 3:0-14:11 (in Spanish language) assess the
sensory processing patterns of the sample [25]. This is a parent-report questionnaire consis-
tent in 86 items scored on a five-point Likert Scale (1 =“Almost Never”, 2 =“Occasionally”,
3 =“Half of the time”, 4 =“Frequently”, 5="“Almost Always”) and a Zero-point possibility
when the item is not applicable for the child. Items can be classified into six different Sen-
sory sections (Auditory Processing, Visual Processing, Touch Processing, Movement, Body
Position and Oral Processing) and three Behavioral sections (Conduct, Social-emotional and
Attentional) or into four different quadrants (Seeking, Avoiding, Sensitivity and Registra-
tion). Table 6.1 reports the list of items included by each set, alongside with the Touch group
of items and the Total group, that includes all the items of the questionnaire.

The Child Behavior Check-List for ages 6-18 (CBCL/6-18) was used to assess beha-
vioral and emotional problems in the sample [1]. It is a parent-completed questionnaire con-

sistent in 113 items rated on a three-point Likert scale (0 = Not True (as far as you know), 1 =



6.2. Questionnaires 55

Input no. | Items in SP2 questionnaire

Avoiding 20 | 1,2,5,15,18,58,59,61,63,64,65,66,67,68,70,71,72,74,75,81
Registration | 22 | 8,12,23,24,26,33,34,35,36,37,38,39,40,53,54,57,62,76,79,80,85,86
Seeking 19 | 14,21,22,25,27,28,30,31,32,41,48,49,50,51,55,56,60,82,83
Sensitivity 19 | 3,4,6,7,9,13,16,19,20,44,45,46,47,52,69,73,77,78,84

Total 86 | 1-86

Touch 11 | 16-26

Table 6.1: List of the 6 groups of items selected from the SP2 questionnaire: total, touch and quadrants avoiding,
seeking, registration and sensitivity, with their numbers of items (no.) and the items of each set.

Sometimes or Somewhat True, or 2 = Very True or Often True). This instrument is composed
of eight subscales (S1-S8), two main domains (Internal and External) and a principal scale of
overall impairment (Total), listed in Table 6.2. The syndrome subscales “Anxious/Depressed”
(subscale 1, S1), “Withdrawn/Depressed” (subscale S2) and “Somatic Complaints” (S3) con-
form the “Internalizing Domain” scale. The subscales “Rule Breaking” (S7) and “Aggressive
Behavior” (S8) sum into the “Externalizing Domain” scale. On the other hand, “Social Pro-
blems” (S4), “Thought Problems” (S5) and “Attention Problems” (S6) quantify into the “Total
Problems” scale with the remaining behavior problems. Raw scores for each scale were con-
verted to standardized T-scores based on Spanish standards [26] and bounded between 0 and

100, considering the age (6—11 and 12—18 years) and gender of participants separately.

S1 | Anxious/depressed S5 | Thought problems Internal | Internalizing problems
S2 | Withdrawn/depressed | S6 | Attention problems External | Externalizing problems
S3 | Somatic complaints S7 | Rule-breaking behavior | Total All the CBCL outcomes
S4 | Social problems S8 | Aggressive behavior

Table 6.2: List of the 11 groups of outcomes (or scales) selected from the CBCL questionnaire to be predicted using
ML methods.

Figure 6.1 shows the box plots that represent the distributions of values for the 11 CBCL
outcomes in Table 6.2 over the 72 participants. Although each outcome is a scale score from
1 to 100, the available data only exhibit values above 35. For each CBCL outcome, a value
below 60 corresponds to a normative (normal) behavior, while values between 60 and 70 cor-
respond to pre-clinical behavior (i.e., near to require clinical treatment) and values above 70
correspond to a clinical diagnosis, requiring a treatment. This is a case with three diagnos-

tics or classes: normal, pre-clinical and clinical. As well, sometimes it is considered that an
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outcome below 60 is normal and above 60 is pre-clinical and clinical, thus having only two

classes.

Distribution of values for each CBCL outcome
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Figure 6.1: Box plots of the 11 CBCL outcomes to be predicted. The blue box represents the 25%-75% percentiles,
the red horizontal line is the median, the blue whiskers are the data outside this interval and the red
crosses are outliers.

The 6 groups of SP2 items in Table 6.1, combined with the 11 CBCL outcomes to be
predicted in Table 6.2, give 66 datasets. We also study the influence of the gender, so each set

was analyzed with and without gender and the final number of sets was 6x11x2=132 sets.

6.3 Experimental setting

In order to evaluate the performance of the trained regressors for the prediction of the CBCL
outcomes, we used the classical K-fold cross validation. This method consists on dividing the
available data into K partitions or folds. Some of them are devoted to train the model, and the
remaining folds are used to test the trained model. Thus, the performance is evaluated over
data that have not been used during training, being a realistic measurement of the reliability in
the prediction and avoiding optimistic bias. The training/test cycle is repeated K times (often

named as trials), what ensures that each fold is used once for test and K — 1 times for training.
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For those regressors with hyper-parameters, their tuning was performed by evaluating
the regressor performance with several combinations of values for the hyper-parameters and
selecting the combination that performs better. The evaluation of this performance requires
a third dataset (different to training and test datasets) in order to avoid optimistic biasings.
This dataset is often named “validation set”. Overall, having K partitions, the process is
repeated K trials: in the k-th trial, with k = 1,... K, the model is trained using a part of the K
folds, that compose the training set on the current trial, with a certain combination of hyper-
parameter values. Afterwards, the trained model is tested on one or several validation folds
(that compose the validation set of this trial).

This process is repeated K trials, and the averaged performance over the K validation
sets is calculated. Then, this training-test cycle is repeated for all the combinations of hyper-
parameter values, and the combination with the best average performance over the validation
sets is selected. Finally, the model is trained on the training and validation sets for the first
trial using the selected combination of hyper-parameter values, and tested on the test set of
the first trial (composed by the folds that were not included in the training nor in the vali-
dation sets), achieving a first test performance. The process is repeated for the K trials, and
the average performance over the K trials is calculated. This is the performance of the model
estimated by the K-fold cross-validation method after hyper-parameter tuning. This estima-
tion is performed using test data not included on the training nor validation sets, and therefore
they were not used nor for training nor for hyper-parameter tuning, thus discarding optimistic
biasing caused by overfitting.

An example is 4-fold cross validation, where K = 4 and there are 2 training partitions,
1 validation and 1 test partition, with 4 trials. The first trial uses partitions 1,2 for training,
partition 3 for validation and partition 4 for test. Second trial uses partitions 2,3 for training,
4 for validation and 1 for test, and so on. There are also alternative configurations, being also
K =5 and K = 10 other popular settings. When the amount of data is very small, as in our case
(only 72 data, one for each participant), it is very difficult to split the data into K partitions,
so an extreme case of K-fold cross-validation is used, the so-called leave-one-out (LOO)
cross-validation, where K = N being N the number of data. In this setting, there are N trials,
and in each trial one data is devoted for test, and the remaining N — 1 data are splitted into
training and validation sets for the hyper-parameter tuning. The process is repeated N times:
each time the regressor, trained with the training and validation sets (N — 1 data) with the

best combination of hyper-parameter values, gives a prediction for the remaining participant.
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After repeating this process N trials, the performance is calculated by comparing the true and

predicted CBCL outcomes for the N participants.

6.4 Performance metrics

Section 4.2 already described the two most relevant performance metrics for regression pro-
blems: root mean squared error (RMSE) and correlation coefficient (R). The classical defini-
tion of Colton [18] for the intervals of correlation values and their significance are listed in
Table 6.3.

R Correlation
R <0.15 Nothing at all
0.15<R<0.5 Bad to moderate
0.5<R<0.75 Moderate to good
0.75<R Very good to excellent

Table 6.3: Intervals defined by Colton [18] for the correlation R.

Alongside with RMSE and R, we will also consider the mean absolute error (MAE), de-

fined as the mean absolute difference between true and predicted outcomes:

1 N
MAE = — Y |o; —z| (6.1)

NS
Another popular error measurement is the weighted absolute percentage error (WAPE),
that expresses in % the ratio of the absolute difference between true and predicted outcome

divided by the true value.

N
100" o; —zil
WAPE (%) = —— (6.2)

N
Yo
i=1

In binary classification, such as the discrimination between normal and clinical parti-
cipants (see section 6.2), is usual to consider one class as “positive” and the other as “nega-
tive”. The classification process is formulated as the detection of positive cases. In our case,
“clinical” and “normal” are the positive and negative classes, respectively. In order to evaluate

performance metrics, it is usual define the number of:
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— True negatives (TN): participants that are normal (negative class) and are predicted by
the ML method as normal. Since the regressor prediction is right, this number is labeled

as “true”.

— False positives (FP): participants that are normal but are predicted as clinical (positive),
so they are classification errors and the number is named “false”.

— False negatives (FN): participants that are clinical but are predicted as normal (nega-

tive), being again errors (false).

— True positives (TP): participants that are clinical and are predicted as clinical (positive),

so they are well predicted (true).

These four values are usually arranged in the so named “confusion matrix”, shown in
Table 6.4. The numbers of participants correctly classified are inside the matrix diagonal, and
the numbers outside this diagonal count participants wrongly classified. Note also that rows
identify the true class label, while columns identify the class label predicted by the ML method
(in our case, achieved by thresholding in 60 the CBCL outcome predicted by the regressor).
From the confusion matrix, it is very easy to calculate the most popular performance metric
for classification: the accuracy (denoted as Acc), that measures the percentage of participants
correctly classified. This metric (in %) can be calculated for a binary classification problem

as:

Normal Clinical
Normal | True negative (TN) | False positive (FP)
Clinical | False negative (FN) | True positive (TP)

Table 6.4: Confusion matrix for the current binary classification problem in normal-clinical participants.

100(TN+TP)

Accl) = TN T FP 1 FN 1 FP (63)
The accuracy is a metric biased by the unbalance between classes, so that when one class
has much more participants than the other, a classifier that predicts the majoritary class for
all the patterns may still exhibit a high accuracy. This, however, does not mean that classifier
behaves well, in fact its performance is fairly poor. In order to consider the class unbalance,
the most popular metric is the Cohen kappa score [14], denoted as x, that we already defined

and used in section 4.1. This metric measures the agreement between the true class label and
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the label predicted by the ML method discarding the agreement by chance, e.g. because the
classes are unbalanced. For binary classification problems, the kappa statistic (in %) can be
calculated alternatively to eq. 4.1 using the elements of the confusion matrix in the following

way:

100-2(TP-TN —FN -FP)

k(%) = TP FP)(FP+TN) % (TP+FN)(FN+TN)

6.4)

Table 6.5 reports the kappa intervals defined by Blackman [11] and their meanings in
terms of classification performance, analogously to the Colton intervals for the correlation R.
We will analyze these results for each CBCL outcome. Other performance metrics for binary

classification problems, that are very popular in the health care field, are:

— Sensitivity (Se): percentage of true positives (TP) with respect to the total number of

positives (FN+TP, sum of second row in the confusion matrix), defined in % as:

100T P

Se(%) = FN+ TP

(6.5)

— Specificity (Sp): percentage of true negatives (TN) with respect to the total number of
negatives (TN+FP, sum of first row in the confusion matrix), defined in % as.

100TN
Sp(%) = TNLFP (6.6)

Kappa (%) | Agreement
K <20 Poor
20 <k <40 Weak

40 < Kk < 60 | Moderate
60 < x < 80 Good

80 <k Very good

Table 6.5: Intervals defined by Blackman [11] for the Cohen kappa score.

In the three-class classification of the CBCL outcomes as normal, pre-clinical and clinical,
the sensitivity and specificity are not considered and kappa (defined for non-binary classifi-
cation by eq. 4.1 in section 4.1), accuracy and confusion matrix are the only performance

metrics considered.
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Distribution of R values for each regressor
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Figure 6.2: Box plots of the R values achieved by each regressor over all the groups of SP2 items and CBCL
outcomes.

6.5 Prediction of CBCL outcomes

Figure 6.2 shows the box plots of the correlation (R) values achieved by the ML models listed
in chapter 5 over all the datasets for the prediction of CBCL outcomes, sorted by decreasing
medians (red line inside the blue box). All the regressors achieve low correlations, being the
highest value about 0.6-0.7, with only an outlier (red cross) for regressor 1m with R=0.98. As
well, other methods in the linear and regularized linear regression families (ridge, lasso,
lreg, sgd and enet) also achieve good results in general over all the outcomes and groups.
Other regressors with good performance are Gaussian process regression (gpr) and two en-
sembles: pygbm and pyrf.

Table 6.6 reports the Friedman rank [66] of regressors for the prediction of CBCL out-
comes. This rank is decreasing with performance, so the lower rank, the higher performance.
The rank of a regressor is the average position achieved by it over a collection of datasets (in
our case, 132 datasets=6 SP2 groups x 11 CBCL outcomes x 2 genders) when we sort the re-

gressors by decreasing performance (in the regression case, by decreasing R) in each dataset.
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Position Regressor ~ Family =~ Rank | Position  Regressor Family = Rank
1 ridge Linear 8.2 14 krr Linear 13.4
2 gpr Kernel 8.5 15 Imreg Linear 13.5
3 pygbm  Ensemble 9.9 | 16 Isvr Support 13.6
4 lasso Linear 104 | 17 ExtraTrees Ensemble 13.7
5 Ireg Linear 10.6 | 18 M5 Tree 13.9
6 vote Ensemble 10.7 | 19 bagging Ensemble 14.3
7 pyrf Ensemble 11.6 | 20 cubist Ensemble 15.5
8 rf Ensemble 11.8 | 21 pymlp Network  16.3
9 pylm Linear 12.8 | 22 gbm Ensemble 16.7
10 Im Linear 129 | 23 pysvr Kernel 17.4
11 adaboost  Ensemble 13.0 | 24 svr Kernel 17.5
12 enet Linear 13.1 | 25 bstTree Ensemble  18.7
13 sgd Linear 13.2 | 26 tree Tree 19.0

Table 6.6: Friedman rank of regressors for the R achieved in the prediction of CBCL outcomes.

Thus, the regressors that achieve the first (lower) positions achieve the higher R values and
therefore the most reliable predictions.

For a given collection of classification problems, the best performance is not achieved
by the same regressor in all the datasets of the collection. Therefore, usually the rank of
the globally best regressor is not near 1. For example, if we have four regressors and three
datasets, we sort the regressors by decreasing R for each dataset. Then, for each regressor
we register its position on the sorted list for each dataset. The Friedman rank of a regressor
is its average position over the three datasets. Specifically, let be the best regressor achieves
position 1, 4 and 2 in the three datasets. Then, its Friedman rank is (1+4+2)/3=2.3 so in
average over the three datasets, it achieves the 2.3th position. The rank is not 1, but is the
lower rank, so it is the globally best regressor.

In Table 6.6, the best regressor (ridge) achieves in average over the 132 datasets the
8.2th position. The Gaussian process regressor (gpr) achieves a similar rank (8.5). There
is a group of regressors with nearby ranks between 10 and 11 (see Figure 6.3): pygbm,
lasso, lreg and vote, while pyrf and rf are about 12. The following group includes
11 regressors, from pylm to bagging, with ranks about 13-14. The last regressors in the
ranking have ranks above 15, from cubist to tree.

Considering the regressor families, linear is the family with the best regressor (ridge),

and the remaining linear models (lasso, lreg, pylm, 1lm, enet, sgd, krr and lmreq)
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Figure 6.3: Plot of the regressor’s Friedman rank.

achieve ranks in 10-14. The pygbm is the best ensemble (3rd position, with rank 9.9), out-
performing gbm (16.7). Other good ensembles are vote (10.7), random forests (pyrf and
rf, about 11) and adaboost (13). Surprisingly, the linear kernel support vector regression
(1svr) outperforms the RBF kernel version (svr). The bad ranks of M5 (13.9) and cubist
(15.5) are also surprising, given their good performance in [28].

Table 6.7 shows the best correlation R achieved by some regressor for each CBCL outcome
(in columns, see Table 6.2) and for each SP2 group (in rows, see Table 6.1) with and without
gender (G), highlighting in bold the best R for each outcome. Following the Colton criteria,
these results can be considered “from very good to excellent” (VGE, that means R > 0.75) for
the external outcome of the CBCL questionnaire, and “moderate to good” (MTG, 0.5 <R <
0.75) for outcomes S1, S2, S4, S5, S6, S8, internal and total. The outcomes S3 and S7, with R
under 0.5, can be considered “from bad to moderate” (BTM) correlations. Several comments

may be performed by analyzing each outcome separately:
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CBCL outcome

Input S1 S2  S3 S4 S5 S6 S7 S8 Int. Ext. Total
Touch 0.53 030 0.21 068 0.57 046 027 047 048 0.40 0.67
G| 057 030 021 0.66 056 050 037 047 049 040 0.66

Seek. 0.11 0.09 044 034 039 050 024 048 0.16 042 0.34
G| 010 0.09 035 034 038 0.51 029 048 0.14 033 0.31

Avoid. 0.72 057 028 049 026 023 037 052 0.63 0.54 0.56
G| 065 057 028 048 026 0.12 039 055 0.63 051 045

Sens. 041 036 020 051 041 040 028 037 043 037 047
G|043 036 026 050 041 037 035 036 043 036 0.54

Reg 0.68 051 034 072 038 039 024 048 0.63 039 0.58
’ G|069 058 035 072 037 043 032 048 062 042 0.61
Total 0.67 048 036 061 049 046 030 0.50 0.60 0.98 0.57
G| 068 051 036 0.63 051 045 030 044 0.61 098 0.56

Table 6.7: Best correlation (R) achieved by some regressor for each outcome of the CBCL questionnaire (by
columns) and for each group of items in the SP2 questionnaire (touch, seeking, avoiding, sensitivity,
registration and total, by rows) without and with gender (G). The best R for each outcome is in bold.

S1 (anxious/depressed). The best result is achieved by group avoiding (R=0.72) and, slightly
lower, registration and total, but the remaining groups (touch and specially sensitivity
and seeking) are not able to predict their values. Comparing R with and without gender,
the difference is small excepting avoiding, where the gender reduces the performance,

and touch, where the gender slightly raises the performance.

S2 (withdrawn/depressed). The highest R is 0.58, much below S1 but still “moderate to
good”, and is achieved using registration and avoiding groups, while the remaining
groups are very far (total about 0.5, sensitivity and touch about 0.3 and seeking about
0.1). The gender does not change the results excepting by 0.07 in registration.

S3 (somatic complaints). The best prediction for this outcome (R=0.44) is already “from
bad to moderate” (below 0.5) using seeking, while the remaining outcomes are even
poorer: registration and total about 0.3 and touch, avoiding and sensitivity about 0.2.
The gender has relevance in group‘s seeking and sensitivity, with differences of 0.09

and 0.06, respectively.

S4 (social problems). The prediction is “moderate to good” (R=0.72) using registration, while

the remaining groups are much below: touch and total about 0.6 and avoiding and reg-
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istration about 0.5, without influence of gender (the highest difference with and without
gender is 0.02).

S5 (thought problems). The correlation is low (0.57) using touch, while the remaining groups
are much below: total about 0.5, sensitivity about 0.4, seeking and registration about

0.3 and avoiding about 0.2, with no gender influence.

S6 (attention problems). The best performance is again low (0.51 using seeking), while the
remaining groups are about 0.4 (touch and total), 0.3 (sensitivity) or 0.2 (avoiding, with

high gender influence, 0.11).

S7 (rule-breaking behavior). The correlation is “from bad to moderate” (0.39 using avoid-
ing), and the other groups about 0.2-0.3. The gender influences touch (0.1), registration
(0.08), sensitivity (0.07) and seeking (0.05).

S8 (aggressive behavior). All the groups excepting sensitivity achieve correlations about
0.4-0.5, being the best value (0.55) achieved by avoiding. The gender only influences
total (0.06).

Internal (internalizing). The groups avoiding (0.63), registration (0.63) and total (0.61) achieve
values “moderate to good”, while touch and sensitivity are about 0.4 and seeking per-

forms poorly. The gender has no influence in any group.

External (externalizing). The best correlation (0.98), associated to an almost perfect predic-
tion, is achieved by group total, while the remaining groups are very far 0.3-0.5. Gender

only influences seeking (0.09).

Total (all the CBCL outcomes). Touch achieves a good correlation value (0.67), while the
remaining groups are also about 0.3-0.5, with differences by gender in avoiding (0.09)
and sensitivity (0.07).

Overall, the avoiding group is the most reliable in anxious/depressed (S1), aggressive be-
havior (S8), and internalizing problems (Table 6.7). The registration group best predicts with-
drawn/depressed (S2), social problems (S4), and internalizing (same R as avoiding). Touch
processing best predicts thought problems (S5), rule-breaking (S7, with low R=0.44), and to-
tal problems. The seeking group achieves low R=0.44 in somatic complaints (S3) and R=0.51

in attention problems (S6), so it is not very related to any of the problems. The sensitivity
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group never gets the best reliability in prediction. Table 6.8 compiles the best SP2 group and
R for each CBCL outcome, alongside with the second best group and R when it was near to
the best value (e.g. S2 and internal). In 5 of 11 outcomes avoiding achieved the best result.
Touch and registration are listed four and three times, respectively, while seeking is only the
best in S3.

Outcome Best SP2 group R Outcome Best SP2 group R
S1 Avoiding 0.72 | S7 Avoiding 0.39
S2 Registration 0.58 Touch 0.37
Avoiding 0.57 | S8 Avoiding 0.55
S3 Seeking 0.44 | Internal  Avoiding 0.63
S4 Registration 0.72 Registration 0.63
S5 Touch 0.57 | External  Total 0.98
S6 Seeking 0.51 | Total Touch 0.67
Touch 0.50

Table 6.8: Best SP2 group and R for each CBCL outcome.

When a group achieves the best R for an outcome, we can think that they are related, more
tightly when R is high. This allows to test whether the a priori expected relations between
SP2 groups and CBCL outcomes (see Table 2.1) were indeed found in the experimental work.
Table 6.9 tests the coincidence between expected and found relations by reporting the R when
some SP2 group (by rows) achieved the best or second best R for a CBCL outcome (by
columns), so that both are related. Empty cells are for pairs group-outcome with sub-optimal
R. Of the three SP2 groups that were candidate to be related (avoiding, seeking and touch)
with outcomes in Table 2.1 (S1, S2, S7, S8, internal and external), only the group avoiding
was related in the 5 former outcomes, although in S2 it achieves the second best R. The R
values report that avoiding was related mainly with S1 and internal, and less strongly to S2
and S8. Touch is related only in outcome S7 with low R value. Seeking is not related to any of
the expected outcomes. Interestingly, external was found very related to the SP2 total group,
with high R, instead to the SP2 candidates.

The bar plot in Figure 6.4 represents the best correlation achieved by some regressor for
each CBCL outcome, sorted by decreasing values. External is the only outcome with correla-
tion is “from very good to excellent” (above 0.75). The majority of the remaining outcomes
(S1, S4, total, internal, S2, S5 and S8) are in the range 0.5-0.75 so they are “moderate to

good”. Finally, outcomes S3 and S7 are below 0.5, so they are “from bad to moderate”.
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R with expected outcome Unexpected
CBCL\SP2 | Avoiding Seeking Touch Total
S1 0.72
S2 0.57
S7 0.39 0.37
S8 0.55
Internal 0.63
External 0.98

Table 6.9: Best R of the SP2 groups expectedly related to CBCL outcomes (see text for details).
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Figure 6.4: Best correlation achieved by some regressor for each CBCL outcome.
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As we saw in Table 6.7 above, the influence of gender on the prediction is marginal, with

very small differences (about 0.02) in the best R for each outcome with and without gender,

although this influence might be implicit on the remaining items of the questionnaire. Table

6.10 reports that the difference in R between including or not gender among features for each

SP2 group and CBCL outcome. The majority of the absolute values are below 0.05, and

only in three cases (touch+S7, avoiding+S6 and avoiding+total) they overcome 0.1, achieving

a maximum value of 0.11. Besides, the few cases where the difference is high are not the

ones with the best performance. These values suggest that gender can not be considered

a significant feature for the prediction of CBCL outcomes. We also performed a Wilcoxon
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CBCL outcome

Input S1 S2 S3 S4 S5 S6 S7 S8 Int.  Ext. Total
Touch | 0.04 -0.02 0.04 0.10 0.01 -0.01
Seek. | -0.01 -0.09 -0.01 0.01 0.05 -0.02 -0.09 -0.03
Avoid. | -0.07 -0.01 -0.11 0.02 0.03 -0.03 -0.11
Sens. | 0.02 0.06 -0.03 0.07 -0.01 -0.01  0.07
Reg. 0.01 0.07 -0.01 0.04 0.08 -0.01 0.03 0.03
Total 0.01 0.02 0.02 0.02 -0.02 -0.06 0.01

Table 6.10: Difference between the best correlation for each SP2 group (by rows) and CBCL outcome (by columns)
with and without gender (positive values mean that gender provides higher R). The values above 0.05
are in bold, and the values below 0.01 are removed for clarity.

Outcome | R  Colton MAE WAPE RMSE | Regressor | SP2 group
S1 0.72 MTG 639 1190 8.56 | adaboost | Avoiding

S2 0.58 MTG 12.44 1893 16.30 pymlp Registration+G
S3 044 BTM 7.71 1422 10.05 pygbm | Seeking

S4 0.72 MTG 805 1190 9.93 pygbm | Registration
S5 0.57 MTG 18.15 2580 21.98 Ireg Touch

S6 051 MTG 6.60 10.07 8.67 pyrf Seeking+G
S7 039 BTM 7.07 1297 9.59 bstTree | Avoiding+G
S8 055 MTG 9.12 1595 12.05 tree Avoiding+G
Internal | 0.63 MTG 7.79 13.18 9.89 ridge Avoiding
External | 0.98 VGE 1.07 1.86 2.32 Im Total

Total 0.67 MTG 7.07 11.20 9.16 pygbm | Touch

Table 6.11: Best R (and valoration according to the Colton criterion), MAE, WAPE (in %), RMSE, best regressor
and best SP2 group for each CBCL outcome.

ranksum test comparing the correlation R achieved by all the regressors using the datasets with
and without gender under the null hypothesis that both distributions have the same mean. The
p-value achieved by this test was 0.455, that does not allow to reject the null hypothesis, so
the difference between using and discarding gender is not statistically significant.

Table 6.11 reports the results achieved by the best regressor and SP2 group for each CBCL
outcome. These metrics include R, MAE, WAPE and RMSE. The best regressor and SP2
group are also reported. According to the Colton criteria, the prediction for external (R=0.98)
is considered “very good to excellent” (VGE in Table 6.11), while the prediction of anxious/
depressed (S1) and social problems (S4), with R=0.72, is “moderate to good” (MTG) but close
to “very good to excellent”. The predictions of withdrawn/depressed (S2), thought problems
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(S5), attention problems (S6), aggressive behavior (S8), internalizing and total problems are
also “moderate to good” (MTG). Overall, the prediction is VGE and MTG in 1 and 8 out-
comes, respectively. Finally, the predictions of somatic complaints (S3) and rule-breaking
(S7) behaviors are “bad to moderate” (BTM), and therefore fairly unreliable.

The pygbm (gradient boosting machine) is the regressor that achieves the best R in more
CBCL outcomes (see Table 6.11): somatic complains (S3), with low R, social problems (S4)
and total, with higher R. Linear regression achieves the best R in thought (S5, regressor
1lreq), internalizing (ridge), and externalizing problems (1m, with high R). Regression
trees and ensembles provide the best prediction for anxious/depressed (S1, adaboost); at-
tention problems (S6, pyrf); rule-breaking (S7, extraTrees); and aggressive behavior

(S8, tree). Neural networks are the best for withdrawn/depressed behavior (S2, pymlp).
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Figure 6.5: Values of MAE, WAPE and RMSE for the best regressor on each CBCL outcome.

The MAE in Table 6.11 is below 10 for all the CBCL outcomes, excepting withdrawn/
depressed (S2) and thought problems (S5), so the uncertainty prediction value for most out-
comes is below 20. The outcome values range approximately between 35 and 100 (see Figure
6.1), so these MAE values are comparatively small.

The WAPE is very low in externalizing problems (1.86%) and below 14% for most out-
comes excepting withdrawn/depressed (S2), somatic complains (S3), thought problems (S5),

and aggressive behavior (S8). Since percentage of differences between predicted and true
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CBCL outcome are expected to be within 2x WAPE above and below zero, WAPE values
below or about 10% can be considered as relatively good. This happens in outcomes S1,
S4, S6, external and total, that can be considered as the outcomes where the prediction is
“acceptable”. These outcomes exhibit MAE values below or about 7. Note that S3 has low
MAE (7.71) but high WAPE (18.93%) and low R (0.44), being one of the worst-performing
outcomes.

Regarding RMSE, the values of these “good” outcomes (S1, S4, S6, external and total) are
below or about 9, although S7 and internal also have RMSE about 9 being poorer outcomes.
Figure 6.5 plots the three measures (MAE, WAPE and RMSE), that show a high coherence
and identify as the best outcomes: external, S1, S6, total and S4. The outcomes S7, S3 and
internal can be excluded due to their high RMSE values.

Figure 6.6 plots the predicted vs. observed (true) values for CBCL outcomes external
and S1 for all the participants, the best groups (total and avoiding, respectively) and the best
regressors 1m and adaboost. The concordance between both values is very high, specially
for outcome external (left panel), where the majority of the participants (blue points) are on
the red line that means perfect prediction (WAPE below 2%). The right panel shows lower
coincidence values (WAPE around 12%), although the predicted values somehow raise with

the true values.

Im: R=0.98 MAE=1.07 WAPE=1.86% pygbm: R=0.72 MAE=8.05 WAPE=11.90%

Predicted External-Total
Predicted S4-Registration

80 90

20 s0 60 70
Observed S4-Registration

) 70 80 %0 s0
Observed External-Total

Figure 6.6: Scatterplot with observed (true) and predicted values for: SP2 group total, CBCL outcome external and
regressor 1m (left panel); SP2 group registration, CBCL outcome S4 (social problems) and regressor
pygbm (right panel).
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Figure 6.7: True values and values predicted by 1m (left panel) and pygbm (right panel), sorted by increasing true
values, for the SP2 groups and CBCL outcomes of figure 6.6.

Figure 6.7 reports the true and predicted values for the previous outcomes sorted by in-
creasing true values. The coincidence is very high for the left panel, excepting few parti-

cipants, and lower in the right panel.

6.6 Classification in normal, pre-clinical and clinical

Table 6.12 reports the best result for the binary classification into normal or clinical parti-
cipants and the 11 CBCL outcomes. The table also reports the SP2 group and regressor
that achieved the best R, as well as the confusion matrix, kappa, accuracy, sensitivity and
specificity (in %) achieved by this regressor. The kappa values are further plotted as a bar
diagram in Figure 6.8. According to the levels defined by the above Table 6.5, these val-
ues can be grouped as in Table 6.13. Only outcomes in levels “very good” and “moderate”
can be considered as an acceptable classification, so 5 of 11 outcomes are “acceptably” clas-
sified: externalizing, anxious/depressed (S1), internalizing, total, withdrawn/depressed (S2)
and thought problems (S5, that we included in the moderate level because its kappa 39.7%
is very near to 40%). Finally, the worst-performing outcomes (weak level) are aggressive
behavior (S8), somatic complaints (S3), social problems (S4), attention problems (S6) and
rule-breaking behavior (S7).

Analyzing the best result for each CBCL outcome in Table 6.12, we can formulate the

following considerations:
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Output Input Regressor N C | Kappa Acc Se Sp
S1 Avoid adaboost Ig 574 ; 59.3 875 562 964
N 20 12

S2 Reg+G pymlp Cc 9 31 404 708 775 625
. N 50 5

S3 Seeking pygbm c 10 7 357 792 412 909
N 14 17

S4 Reg pygbm c 7 34 29.2  66.7 829 452
N 17 5

S5 Touch Ireg C 16 34 39.7 708 68.0 773

S6 Seeking+G rf N6 9 292 77.8 877 400

g py c 7 50 . . . .

S7 Avoid+G bstTree lg 592 g 276 792 357 89.7
. N 40 8

S8 Avoid+G tree Cc 11 13 387 736 542 833
. . N 35 9

Internal Avoid ridge C 6 22 570 792 78.6 795
N 46 2

External Total Im C o0 24 939 972 100.0 95.8
N 24 11

Total Touch pygbm c 8 29 47.1 73.6 784 68.6

Table 6.12: Confusion matrix, kappa, accuracy, sensitivity and specificity (the four in %) for the classification into
normal (N) and clinical (C) for each outcome and the best SP2 group.

Classification | Kappa interval CBCL outcomes
Very good 80<« external
Moderate 40 < xk <60 | S1, internal, total, S2, S5

Weak 20< k<40 S8, S3, S4, S6, S7

Table 6.13: Outcomes in each kappa level according to the criterion of Table 6.5.

1. The best-performing outcome external achieves an almost perfect classification, with
kappa of 93.9% (“very good”, according to the Blackman criterion), and 97.2% of
accuracy using the linear regression, 1m. The confusion matrix is excellent, with the
numbers outside the diagonal near zero, with 100% of sensitivity and specificity 96.4%

because there are 2 false positives (normal participants classified as clinical).



6.6.

Classification in normal, pre-clinical and clinical 73
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Figure 6.8: Best kappa (in %) for each CBCL outcome.

2. The second best classification is achieved by regressor adaboost for outcome S1,

with kappa=59.3% (“moderate”) and accuracy 87.5%, high specificity (96.4%) but low
sensitivity (56.2%) because a significant number (7) of clinical participants are classi-
fied as normal, compared to 9 clinical participants correctly classified.

. The outcome internal also achieves a “moderate” kappa (57%) and accuracy (79.2%)

using ridge regressor, in this case with similar sensitivity and specificity (about 79%),
and a good confusion matrix, because the numbers outside the diagonal (9 and 6) are
much lower than the ones on the diagonal (35 and 22). This is because normal parti-
cipants predicted as clinical (FP) are few compared to normal predicted as normal (TN),
so that Sp is high, and also because clinical participants classified as normal (FN) are
few compared to clinical predicted as clinical (TP), so that Se is high.

A similar case, although with slightly lower performance, is the outcome total with
regressor pygbm. Kappa is lower (47.1%) with 73.6% of accuracy, but the confusion
matrix is relatively good because the numbers outside the diagonal (11 and 8) are much
lower than the diagonal terms (24 and 29). Both sensitivity and specificity are relatively
high (above 68%), although the latter is 10% below the former because more normal
participants (11) are classified as clinical.
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5. The outcome S2 also achieves a kappa (40.4%) very near to moderate using pymlp,
with accuracy 70.8% and terms outside the diagonal (12 and 9) lower than inside the
diagonal (20 and 31). The sensitivity and specificity are also relatively acceptable, both
about 62-77%. The same accuracy is also achieved by outcome S5 and 1reg, with
very similar kappa (39.7%), sensitivity and specificity (about 68-77%), although in this
case there are more false negatives (16) than negatives (5), while in S2 there are more

false positives than negatives (12 vs. 9).

6. The remaining outcomes (S3, S4, S6, S7 and S8) exhibit clearly lower performance,
with kappa values in the range 27-38%, that correspond to weak classification. Either
sensitivity or specificity are poor, but the other is high: e.g., S3 has a high specificity
(90.9%) but very low sensitivity (41.2%), and the same happens with S4 and S6 (speci-
ficity about 40%), S7 (sensitivity 35.7%) and S8 (sensitivity 54.2%).

Overall, accuracy is above 70% in all the outcomes excepting social problems (S4). The
accuracy values are close to or above 80% for anxious/depressed (S1), somatic complains
(S3), attention problems (S6), rule-breaking (S7), externalizing and internalizing. Sensitivity
achieves 100% in externalizing, overcomes 80% in social (S4) and attention (S6) problems,
being close to or above 70% in the remaining CBCL outcomes excepting anxious/depressed
(S1), somatic complains (S3), rule-breaking (S7), and aggressive behavior (S8). Specificity is
near or above 80% in 8 of 11 outcomes, excepting withdrawn/depressed (S2), social problems
(S4) and attention problems (S6).

Regarding Figure 6.6 in section 6.5, the CBCL values (blue squares) depicted on the right
(resp. left) of the red vertical line at 60 are participants who scored in the clinical (resp.
normal) ranges. Likewise, the squares above (resp. below) the horizontal red line at 60 are
participants predicted by the best regressor as clinical (resp. normal). All the squares on
the upper right and lower left areas defined by the horizontal and vertical red lines at 60 are
predicted as the right class label, and only values on the upper-left and lower-right quadrants
are predicted as the wrong class label. Thus, the number of classification errors is very low in
the left panel (external-total, 1m), with no false negatives (squares in the lower right quadrant,
100% sensitivity) and just two false positives (upper left quadrant). In the right panel (S4-
registration, pygbm), the number of dots in the upper left and lower right quadrants is higher,

but much lower than in lower left and upper right quadrants (participants well-classified), with
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Output Input Regressor N PC C | Kappa Acc
. N 54 2 0

S1 Avoid adaboost PC 4 1 3 357 79.2
cC 3 3 2
N 20 4 8

S2 Reg+G pymlp PC 8 4 4 351 583
Cc 1 5 18
. N 50 5 0

S3 Seeking pygbm PC 9 2 0 22.1  73.6
Cc 1 4 1
N 14 14 3

S4 Reg pygbm PC 5 5 4 315 542
c 2 5 20
N 19 4 2

S5 Touch lreg PC 4 1 10 232 514
c 10 5 17
. N 7 14 1

S6 Seeking+G pyrf PC 6 20 6 12.0 45.8
CcC 0 12 6
. N 52 6 0

S7 Avoid+G bstTree PC 2 4 0 271 77.8
c 7 1 0
. N 43 6 3

S8 Avoid+G tree PC 8 3 2 279 694
c 3 0 4
. . N 3 9 2

Internal Avoid ridge PC 5 9 | 422  68.1
Cc 1 5 §
N 46 1 1

External Total Im PC 0 14 0 91.9 958
c 0 1 9
N 24 9 2

Total Touch pygbm PC 7 9 o 394 61.1
Cc 1 7 11

Table 6.14: Confusion matrix, kappa and accuracy (in %) for the classification into normal (N), pre-clinical (PC)

and clinical (C) for each outcome and the bet SP2 group.
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an accuracy of 66.7%, so the impact of unreliability in prediction (R=0.72) over classification

is relatively low for this outcome.
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Table 6.14 reports the confusion matrix, alongside with the kappa and accuracy (in %) of
the classification in 3 classes (normal, pre-clinical and clinical) for each outcome. Although
the table reports the results for the 11 outcomes, it is obvious that those outcomes with weak
concordance between true and predicted outcome with two classes will exhibit even lower
concordance considering three classes. Specifically, the only outcomes with kappa above or

about 40% (very good and moderate levels) are.

1. External, with kappa 91.9% (very good) and accuracy 95.8%. Thus, discrimination
between normal, pre-clinical and clinical is very accurate, with very low terms (0 or 1)

outside the diagonal of the confusion matrix.

2. Internal, with kappa 42.2% (moderate) and accuracy (68.1%) much lower than ex-
ternal. The confusion matrix has so many normal participants erroneously predicted
pre-clinical (9) as pre-clinical participants classified as pre-clinical. Also, a high part of

pre-clinical participants (5) are classified as normal.

3. Total, with kappa 39.4% (very near to moderate) and accuracy 61.1%. These low values
are due to the high terms N-PC (9), PC-N (7) and C-PC (7).

The remaining outcomes have kappa values between 12% and 35%, with accuracies be-
tween 51% and 79%. The performance is specially poor in attention problems (S6, kappa
=12%), somatic complaints (S3, kappa=22.1%), thought problems (S5, kappa=23.2%), and
rule-breaking behavior (S7, kappa=27.1%), where 7 of 8 clinical participants are predicted as

normal.

6.7 Discussion

The current study investigates how sensory processing alterations predict behavior problems
in children and adolescents with ASD using ML models. This technique offers a new potential
solution to classify ASD difficulties based on different dimensions, e.g., behavior, genetics,
and neuroimaging data, among others [34]. These artificial intelligence tools can be an impor-
tant and useful approach to further explain how sensory processing abnormalities (one of the
earliest clinical alterations in ASD) are predictive of social, behavior, and emotional problems

in this population.
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Overall, results revealed high correlation between some true behavioral (CBCL) outcomes
and the values predicted by the regressors using some SP2 processing groups. The high-
est correlation was observed for externalizing, total problems, anxiety/depression and social
problems. The prediction was more reliable using certain SP2 groups, revealing strong rela-
tions with the predicted CBCL outcomes: CBCL externalizing problems and SP2 total group;
CBCL anxious/depressed and SP2 avoiding group; CBCL social problems and SP2 registra-
tion group; and CBCL total problems outcome with SP2 touch group. With this prediction,
early indicative signs of the overall behavioral difficulties of children with an ASD diagnosis,
that occur at higher ages, can be obtained exclusively from their response to sensory stimuli,
that is registered at very early ages. Thus, these results can be extremely useful for clinical
interventions. Considering the predicted information, early signs of altered sensory function-
ing would allow for incorporating personalized and early sensory-based care therapies for
children with an ASD diagnosis, hence minimizing the affected areas of behavior, as much as
possible.

Results obtained by the ML methods are consistent with other findings, suggesting an as-
sociation between sensory processing and behavior problems in children and adolescents with
ASD [41]. Patterns of sensory processing alterations, including touch processing, may imply
difficulties in response to environmental cues and missing opportunities to learn from them,
which is the foundation for the development of more complex processes, such as emotional
regulation and social interactions [43]. These difficulties have cascade effects in daily life
activities in ASD, manifested through a range of behavior problems such as hyperactivity, im-
pulsivity, stereotyped and repetitive behaviors, as well as emotional and social distress [74].
It may contribute to the emergence of anxious and depressive states, as dealing with sensory
stimulation may be demanding for children and adolescents with ASD [29].

The results contribute to the existing evidence highlighting the detrimental impact of
altered sensory processing on behavioral outcomes in children and adolescents with ASD
[30, 78, 56]. These difficulties interfere with their adaptive functioning [54] and should be
considered in interventional approaches with this population. Early intervention programs
focused on addressing sensory difficulties may help prevent behavioral problems, alleviate
behavioral difficulties and improve adaptive functioning of children and adolescents to envi-
ronmental situations.

This work offers multiple strengths of which how ML methods contribute to clarify the

association between sensory processing impairments and behavioral difficulties in children
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and adolescents with ASD. These results can provide important clues for sensory-related in-
tervention approaches within this population. However, this study has also some limitations.
First is the reduced number of participants. Future studies should consider a larger sample
to confirm the results. In addition, it would be important to replicate this investigation in
ASD adult population to verify if similar outcomes are present. Also, it would be important
that future studies address severity levels of ASD presentations, considering the high inter-
individual variability observed in this population. Another limitation of this work refers to
its cross-sectional design that does not allow for determining causal associations between the
variables. Thus, future studies should consider assessing sensory processing and behavioral
outcomes in a longitudinal manner to clarify the causal relationship between these dimensions.
Also, future investigations should integrate brain imaging techniques to elucidate about the
areas of the brain that pertain to sensory processing and/or behavior that are affected, which

would strengthen these findings.



CHAPTER 7

CONCLUSIONS

The current PhD. Thesis develops efficient algorithms for classification and regression by pro-
jecting the original high-dimensional data in two-dimensions and creating a 2D map of the
problem considered. The proposed methods, named ultra-fast two-dimensional classifier and
regressor (UF2DC and UF2DR, respectively), perform a projection of the training patterns
into the 2D plane using the linear discriminant analysis (LDA), i.e., multiplying the training
pattern by the two main eigenvectors of the product W~'B, where W and B are the within-
class and between-class covariance matrices of the training set. These eigenvectors identify
the directions that maximize (resp. minimize) the between-class (resp. within-class) covari-
ance, that measures the separation between classes (resp. among patterns within the same
class). The LDA was selected among the plethora of dimensionality reduction methods avail-
able in the literature due to its speed and its performance to keep the data structure in the
reduced dimensionality space, as we tested in previous research works. This framework in
the current PhD. Thesis is generalized to regression problems considering classes associated
to the levels of the continuous output, and using LDA with the classes defined by these levels.

After the 2D projection, UF2DC and UF2DR create an image of the squared region that
includes the projected patterns. The value of each pixel in this image identifies the class
label (for classification) or the level value (for regression) associated to the region of the 2D
space covered by this pixel (or square). This value is set by considering the true outputs
for the training patterns that are placed in this square or, in case of empty squares, by the
patterns placed within an environment of the current square. The image acts as a map of the

classification or regression problem, showing the class label of level value of each pixel (or
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point in the map), that provides a visual understanding of the landscape of the function that
has been learned either for classification or regression. The map can be used as a classifier,
because the output predicted for a new test pattern is given by the class label of the square to
where the original pattern is projected. In regression problems, the map is used as a method
that predicts, for a given input pattern, the value associated to the square where the pattern is
projected by LDA.

The proposed UF2DC and UF2DR are evaluated on a collection of 26 classification and
23 regression datasets, some of them very large both in terms of number of patterns (up to
5 millions) and features (up to 719). These methods conserve most of the performance of
state-of-the-art classifiers as the Gaussian kernel support vector machine (GSVC or GSVR).
In classification, the average kappa of UF2DC is only 0.11 below GSVC, and in regression
the average squared correlation R? of UF2DR is only 0.14 below GSVR. Interestingly, the
difference is significant only in few datasets, 6 of 26 in classification and 4 of 23 in regres-
sion. Besides, UF2DC and UF2DR are between 10 and 1,000 times faster than the competing
approaches, and the difference raises quickly with the dataset size. These methods are able to
process large datasets where the other classifiers fail due to its low speed and high memory
requirements. They also provide a way to explain and visualize the intrinsic structure of the
data or the function to be learnt, in terms of class overlap and relative class positions for clas-
sification, and of function values, direction and speed of change in these values for regression
problems.

The automatic prediction of behavior from sensory data in autism spectrum disorder using
machine learning models is another work developed in this PhD. Thesis. Autism spectrum dis-
orders are associated with sensory processing abnormalities that often lead to behavioral alter-
ations. The current study investigates the relations between the scales of the sensory profile-2
(SP2) questionnaire, that evaluates sensory indicators through a collection of questions, and
the outcomes in the Child Behavior Check-List (CBCL) questionnaire. The objective is to
study the association between sensory abnormalities, that are detected at very early ages, and
behavior problems, that emerge at higher ages. More specifically, we tried to predict auto-
matically the CBCL outcomes using the SP2 items. We used a large collection of supervised
machine learning algorithms oriented to the prediction of the CBCL outcomes, that are con-
tinuous numeric values. This collections is composed by 26 regressors of different families:

linear and regularized linear regression; kernel and support vector regression; ensembles, in-
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cluding bagging, adaboost, gradient boosting machine and random forest; regression trees;
and neural networks.

The 11 behavior outcomes to be predicted are anxious/depressed, withdrawn/depressed,
somatic complaints, social problems, thought problems, attention problems, rule-breaking be-
havior, aggressive behavior, internalizing problems, externalizing problems and total (all the
CBCL outcomes). The 6 groups of items in the sensory questionnaire to be used as input
data by the automatic predictions are the four quadrants of the SP2 questionnaire (seeking,
avoiding, sensitivity and registration), alongside with the “touch processing” section and “to-
tal”, that includes all the SP2 items. Using a sample of 72 participants, the reliability of the
predictions issued by the automatic methods are “from good to excellent” for externalizing
problems using linear regression with all the SP2 items. The reliability is “from moderate to
good” for anxious/depressed using the adaboost ensemble with the avoiding sensory quadrant,
and for social problems using the gradient boosting machine ensemble with the registration
quadrant. The predictions can be qualified as “from moderate to good” for the remaining
outcomes excepting somatic complaints and rule-breaking, where the predictions are “bad to
moderate”.

We also considered the binary classification into normal (outcome below 60) vs. clinical
(above 60) participants for each CBCL outcome. In our experiments accuracy reaches 97.2%
and 87.5% for externalizing and anxious/depressed, respectively. As well, somatic complaints
and rule-breaking outcomes, with low predictive reliability, still achieve accuracies near 80%,
alongside with attention problems and internalization, while the remaining outcomes achieve
accuracies above or near 70%. Considering three classes (normal below 60, pre-clinical be-
tween 60 and 70, and clinical above 70), the accuracy achieves 95.8% and 79.2% in exter-
nalizing and anxious/depressed, respectively, while internalizing and total achieve 68.1% and
61.1%, respectively. These results show that an accurate prediction is only possible for 7 of
11 behavior outcomes: externalizing, anxious/depressed, internalizing and total, and in lower
degree for social problems, somatic complaints and withdrawn/depressed. The remaining 4
outcomes perform much poorer and they can not be considered as reliably predicted.

Future work includes: 1) to extend the use of proposed mapping methods to overcome
the limitations of LDA for classification problems with many classes; 2) to synthesize pat-
terns with a given class label or function value depending on the region of the map where
they are located; 3) to extend the study about autism for a larger number of participants,

including adults, in order to increase the significance of the conclusions drawn; and 4) to
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propose classification algorithms focused on numeric answers to questionnaires, that are
widely used in fields of Psychology such as obssesive-compulsory disease (OCD) and at-

tention deficit/hyperactivity disorder (ADHD).
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UNIVERSIDADE CAMPUS DE EXCELENCIA INTERNACIONAL
DE SANTIAGO
DE COMPOSTELA

This thesis formulates methods to perform classification and
regression by projecting high-dimensional patterns in two
dimensions. These methods create a 2D classification or
regression map to visualize the data as a political (for
classification) or temperature (for regression) map, where each
pixel in the map has an associated prediction. The thesis also
uses 26 machine learning models for the automatic prediction
of behavior in the treatment of autism spectrum disorder using
sensory processing information. Behavior and sensory data are
extracted from their respective questionnaires. Out of 11
behavior outcomes, the prediction of externalizing problems is
very reliable and accurate enough in other 7 outcomes.
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