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Resumen

En la actualidad Internet es la principal fuente de informacién que exis-
te debido a la gran cantidad de contenidos digitales que los usuarios estan
creando. Esto hace que la tarea de buscar informacién relevante para los
usuarios sea bastante compleja. Ademas, debido a la importancia de atraer
usuarios a las distintas aplicaciones web, las empresas cada vez invierten més
recursos en mejorar la experiencia de los usuarios en sus aplicaciones. Una de
las estrategias mas utilizadas para resolver tanto el problema de sobrecarga
de informacién como la mejora de la experiencia de los usuarios es el uso de
sistemas recomendadores. Estos sistemas permiten filtrar la informacién a
los usuarios seguin sus intereses. Debido a la utilidad de estos sistemas, la in-
vestigacion y el desarrollo de soluciones en esta area han evolucionado mucho
desde los primeros trabajos a principios de los anos 90. Durante este tiempo,
se han ido mejorando los sistemas de recomendacién creando nuevas técni-
cas e incluyendo mas informacién para mejorar los resultados. Este impulso
ha hecho que se hayan desarrollado una gran cantidad de frameworks! que
facilitan la construccion de nuevos sistemas recomendadores. Sin embargo,
todos los avances en este campo de investigaciéon hacen que el desarrollo de
aplicaciones de recomendacién no sea una tarea sencilla. Esto se debe a que,
en primer lugar, los desarrolladores deben tener un conocimiento avanzado
en las diversas técnicas de recomendacién y saber en qué casos se pueden
aplicar cada una de esas técnicas. En segundo lugar, deben tener un cono-
cimiento técnico suficiente para desarrollar el sistema recomendador desde
cero o, si es el caso, usando un framework externo.

El principal objetivo de esta tesis doctoral es simplificar el proceso de
diseno, desarrollo y despliegue de los sistemas recomendadores. La principal
contribucién en nuestra investigacién es la propuesta de una metodologia
para el desarrollo de sistemas recomendadores a través del uso de compo-
nentes. Para ello, hemos realizado un estudio del dominio para comprender
las fases del disefio de los sistemas recomendadores y hemos analizado un
conjunto de frameworks que facilitan el desarrollo de los sistemas de reco-
mendacion. Ademaés, hemos construido un sistema recomendador real como

'En esta memoria de tesis doctoral usaremos la palabra framework para referirnos a
las librerias de desarrollo de software.
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XVI RESUMEN

caso de estudio para comprender la construccién de este tipo de sistemas y
poder evaluar la metodologia que se ha propuesto en nuestra investigacion.

Como resultado de todo este trabajo, hemos propuesto un modelo donde
se representan los distintos elementos que existen en los sistemas recomen-
dadores y cémo se deben componer para construirlos. Este modelo se ha
incluido en nuestra metodologia de desarrollo de los sistemas recomendado-
res y permite asistir a los desarrolladores en el proceso de construccion de
estos sistemas. A partir de la metodologia y el modelo propuestos, se ha
desarrollado la plataforma RECOLIBRY SUITE. Esta plataforma contiene un
conjunto de herramientas que ayudan a los usuarios en las 3 fases por las
que pasa la construcciéon de los sistemas recomendadores: diseno, desarrollo
y despliegue. Todas estas contribuciones han sido evaluadas y los resultados
han sido presentados a la comunidad cientifica con las publicaciones que se
aportan en esta tesis doctoral.

Palabras clave: sistemas recomendadores, informacién contextual, red
semantica, arquitectura basada en componentes, metodologia de desarrollo.



Abstract

At the present the Internet is the primary source of information because
of the large amount of digital content that users create every day. For this
reason, searching for relevant information is a quite complicated task. Also,
due to the importance of attracting users, companies invest many resources
in improving the user experience in their applications. A strategy commonly
used to resolve both the problem of information overload and user experience
is the use of recommender systems. These systems filter the information
based on the users’ interests. Research and development in this area have
evolved much since the early 1990s, creating new techniques and including
more information to improve the recommendations. This evolution is due
to the usefulness of these systems. This has also led to the development of
frameworks to facilitate the building of recommender systems. However, all
of these advances in the recommender systems area mean that nowadays
development of such systems is not an easy task. This is because, developers
need to have a high knowledge level in the diverse recommender techniques,
and they have to know when they can use each technique. Additionaly, they
should have enough programming skill level to implement a recommender
system from scratch or using an external framework.

The main objective in this Ph. D. thesis is to simplify the processes of
designing, developing and deploying recommender systems. The main contri-
bution of our research is the proposal of a methodology to build recommender
systems based on components. To do that, first we have carried out a domain
study to understand the design steps of recommender systems. Next, we ha-
ve analyzed the features of a set of frameworks used by developers to build
recommender systems. Futhermore, we have developed a real recommender
system as a case study to understand the building of these systems, and to
evaluate the methodology proposed in our research work.

As a result of our research, we have presented a model to represent the
different elements included in recommender systems, and how to use these
components to build a system. We have included this model in our develop-
ment methodology. Thanks to this model, our platform can assist users in
the building process of these systems. From the model and the methodology,
we have developed the platform RecoLibry Suite. This platform contains a

XVII



XVIII ABSTRACT

toolset for aiding users in the three steps to build a recommender system: de-
sign, develop, and deploy. All of these contributions have been evaluated, and
results have been presented to the scientific community in the publications
included in this Ph. D. thesis.

Keywords: recommender systems, contextual information, semantic net-
work, architecture based on components, developing methodology.
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Capitulo 1

Introduccion

Este capitulo enmarca la investigacion de esta tesis doctoral dentro del
area de los sistemas recomendadores. El objetivo general de nuestra investi-
gacion es el desarrollo de una plataforma que facilite la creaciéon de sistemas
recomendadores. Por este motivo, en este capitulo se describen los problemas
que encuentran los desarrolladores de este tipo de sistemas y cual ha sido
nuestra planificaciéon de la investigacion para solucionar estos problemas. La
Seccion 1.1 explica las razones por las que consideramos que el trabajo de
nuestra investigacion es necesario. A continuacion, en la Secciéon 1.2 se ex-
ponen el conjunto de objetivos especificos que se han definido a lo largo de
nuestra investigacion. Por tltimo, la Seccién 1.3 muestra un resumen de las
contribuciones asociadas a los objetivos especificos.

Para la presentaciéon de esta tesis se ha elegido el formato basado en
publicaciones. Todas ellas se encuentran en el Parte III y describen en detalle
cada una de las contribuciones que se exponen en esta memoria.

1.1. Motivacion

El proceso de desarrollo de un sistema recomendador no es una tarea
sencilla. Los desarrolladores tienen que hacer un analisis detallado de la
informaciéon que usara el sistema recomendador, identificar la técnica que
mejor se adapte a esa informacién y desarrollar el sistema recomendador
de cero o elegir uno de los muchos frameworks que existen. Este proceso es
cada vez mas complejo debido a nuevas técnicas de recomendacion y nuevos
frameworks que van surgiendo.

Aunque la investigacion en los sistemas recomendadores comenzoé a prin-
cipios de los anos 90 (Goldberg et al., 1992), fue entre 2000 y 2005 cuando
estos sistemas alcanzaron una mayor popularidad. Esta popularidad esté li-
gada al comienzo de la llamada Web 2.0 (O’Reilly, 2009). Los sitios web
que aparecian a finales de los anos 2000 y principios de 2010 permitian una
comunicacién bidireccional con los usuarios, es decir, los usuarios podian par-

3



4 CariTuLO 1. Introduccién

ticipar activamente anadiendo su propio contenido, por ejemplo, en blogs,
wikis, redes sociales, etc.

La Web 2.0 trajo consigo dos factores que impulsaron el desarrollo de
sistemas de recomendacion: la sobrecarga de informacién y la facilidad de
obtener la opinién de los usuarios. En primer lugar, la cantidad de informa-
cién que se generaba era cada vez mas grande y eso provocaba que, para los
usuarios, fuese realmente dificil encontrar informacion ttil. Los sistemas re-
comendadores sirvieron para mostrar a los usuarios aquellos contenidos que
les podian interesar y que eran incapaces de encontrar debido a ese exce-
so de informacién que ofrecia la Web. El segundo factor fue que los nuevos
sitios Web 2.0 facilitaban la recopilacién de opiniones y preferencias de los
usuarios. Esto permitié desarrollar sistemas de recomendaciéon basados en la
opinién de usuarios, como los sistemas recomendadores de filtrado colabora-
tivo (Bobadilla et al., 2009) en los que se recomiendan elementos que otros
usuarios con valoraciones similares han preferido. La cantidad de opiniones
impulsé la investigacion de este tipo de algoritmos, como ocurrié en 2006
cuando Netflix organizé una competicién para crear un sistema recomenda-
dor a partir de un conjunto de datos con la opinion de sus usuarios (Bennett
et al., 2007). Por otro lado, el uso de sistemas de recomendacién permitia
a los usuarios personalizar su experiencia en sitios web o de comercio elec-
tronico como se explica en Karat et al. (2004). Por ejemplo, los sistemas de
recomendacion de Netflix, Amazon o Spotify muestran resultados/productos
distintos para cada usuario, de forma personalizada.

Otro paradigma de sistemas de recomendaciéon muy estudiado ha sido
el de los sistemas recomendadores basados en contenido (de Gemmis et al.,
2015). A diferencia de los de filtrado colaborativo, estos sistemas trabajan
con descripciones muy detalladas de los elementos a recomendar. A partir de
las interacciones de los usuarios, estos sistemas generan un perfil de usuario
basado en las preferencias obtenidas a través de una interfaz o consulta. Este
perfil de usuario contendré las caracteristicas comunes de los elementos que
los usuarios han ido eligiendo. Los sistemas basados en contenido recomien-
dan aquellos productos cuya descripcion se parece més al perfil del usuario
generado. Este tipo de sistemas se han beneficiado de que la cantidad de
informacién que existe sobre los productos es cada vez méas detallada. La
investigacion en estos y otros paradigmas adicionales sirvid para crear sis-
temas recomendadores hibridos. Estos sistemas hibridos solucionan algunos
errores que tienen cada uno de los paradigmas individualmente a partir de
la combinaciéon de ambas técnicas (Burke, 2002).

Con el énfasis de los dispositivos médviles se inicié otra area de investi-
gacion en los sistemas de recomendaciéon centrada en estudiar factores adi-
cionales que podrian condicionar la opinién de los usuarios. A estos factores
adicionales se les denomina informacion contextual (Dey, 2001). La informa-
cién contextual describe el estado y entorno de los usuarios y los productos
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en un momento concreto. Esta informaciéon puede ser, por ejemplo, la posi-
cion del usuario, el clima o el horario de una actividad. Esta informacién se
ha ido anadiendo a los sistemas de recomendacién como una dimensién mas
para tener en cuenta (Adomavicius y Tuzhilin, 2015). A estos sistemas se les
denomina sistemas recomendadores contextuales (CARS del inglés Context-
Aware Recommender Systems). Un dominio donde se utiliza mucho este tipo
de recomendadores es el del turismo y ocio, sobre todo cuando los usuarios
usan sus dispositivos moviles y quieren recomendaciones en tiempo real (Bo-
rras et al., 2014).

En la actualidad existe una gran variedad de técnicas de recomendacion
y para implementar un nuevo sistema, un desarrollador debe conocer sus ca-
racteristicas y, ademas, conocer cuando puede usar cada una de ellas. Para
ello, un primer paso que debe hacer un desarrollador es analizar la informa-
cién que usara su sistema. Este anélisis permite detectar posibles problemas
asociados a los datos, como que no existan suficientes datos iniciales pa-
ra generar recomendaciones (a este problema se le denomina problema del
arranque en frio). Este analisis influye en qué técnica de recomendacion se
puede utilizar y cual daré mejores resultados.

La popularidad de los sistemas recomendadores ha influido en la gran
variedad de librerias y frameworks que existen hoy en dia y que facilitan
su construccion (Owen et al., 2011; Ekstrand et al., 2010; Recio-Garcia et
al., 2008). Sin embargo, esta gran variedad de frameworks anade una nueva
dificultad debido a que existen muchas diferencias en cada uno de ellos: el
lenguaje de programacion, limitacion de los algoritmos que implementan o la
construccién final del sistema. Algunos de estos frameworks utilizan térmi-
nos que pueden diferir del vocabulario que se utiliza en la fase del diseno de
un sistema recomendador. Esto hace que el diseno de un sistema recomen-
dador necesite de una persona o un equipo de personas muy especializados
con conocimiento en el area de sistemas de recomendacién y conocimientos
técnicos para utilizar el framework seleccionado. Asimismo, los términos que
se usan en la fase de disefio deben ser adaptados en la fase de desarrollo si
el framework utiliza otra terminologia.

Este proceso de disefio y desarrollo se puede simplificar aplicando un
diseno basado en componentes para la construcciéon de los sistemas recomen-
dadores ya que la mayoria de estos sistemas utilizan un esquema similar en
el flujo de la informacion. Esto permite que se puedan definir componentes
que tengan una funcionalidad concreta dentro del sistema recomendador co-
mo, por ejemplo, la entrada de datos del usuario o técnicas especificas de
recomendacion (filtrado colaborativo, basado en contenido, etc.). Una de las
grandes ventajas del uso de componentes es su reutilizacion en distintas so-
luciones. Esto hace que se acorten los tiempos de desarrollo y mejoren los
costes de la construccion del software (Szyperski et al., 2002). Por otro lado,
el uso de componentes nos permite definir las relaciones e incompatibilida-
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des que existen entre ellos y crear un modelo que describa como construir
un sistema recomendador. Por ejemplo, si el moédulo de entrada de datos
devuelve informacion contextual, podemos filtrar aquellos algoritmos que no
usan este tipo de informacién. Gracias a esta forma de construir los siste-
mas de recomendacién, un disenador con menos conocimientos en el area de
los recomendadores puede saber qué componentes puede aplicar a su siste-
ma. Por ultimo, el uso de componentes permite separar la implementacion
de cada componente de la construcciéon de un sistema recomendador. Esto
hace que los componentes puedan estar implementados con diferentes fra-
meworks, v que este hecho sea transparente para el desarrollador, que solo
debe seleccionar qué componentes utilizara.

Recapitulando, la construccién de un sistema recomendador es un pro-
ceso complejo en el que el desarrollador debe tener un conocimiento alto
en las distintas tareas del proceso. En primer lugar, el desarrollador debe
seleccionar la técnica de recomendaciéon que mejor se adapta al dominio y,
ademaés, analizar los posibles problemas que se pueda encontrar de acuerdo
con los datos disponibles. A continuacion, el desarrollador debe elegir como
implementara su sistema, ya sea a través de un framework, o bien, implemen-
tandolo completamente. En ambos casos debe tener un conocimiento técnico
avanzado. Siendo esta una carencia muy importante en este campo, en la
siguiente seccién, explicamos los objetivos que hemos definido para facilitar
el proceso de creacion de sistemas recomendadores.

1.2. Objetivos

Como hemos explicado en la seccién anterior, crear un sistema recomen-
dador es una tarea compleja. Por este motivo, el objetivo general de esta tesis
doctoral es construir una plataforma basada en conocimiento que unifique y
ayude en el proceso de disefio y desarrollo de sistemas de recomendacién. Es-
ta plataforma usa un modelo teérico que describe como se deben construir los
sistemas de recomendacion a partir de un conjunto de componentes. Ademaés,
se describen diferentes herramientas que, a partir de ese modelo, permiten
crear sistemas recomendadores a usuarios con distintos perfiles. Estas he-
rramientas proporcionan asistencia automatica orientando al usuario en la
seleccion de los componentes que se deben utilizar. Para poder cumplir este
objetivo, se plantearon una serie de objetivos més especificos.

El primer objetivo especifico (O-1) ha consistido en comprender como se
construyen los sistemas recomendadores y cé6mo plasmar esta construccién
en un modelo tedrico basado en componentes. Se enumeraron distintas téc-
nicas de recomendacién que existen en el estado del arte y se han definido las
restricciones que tienen dependiendo de la informacién que utilizan. Ademés,
se analizaron los problemas que se pueden encontrar en sistemas recomen-
dadores. Por tltimo, se analizaron un conjunto de frameworks académicos y
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de codigo libre que se utilizan para construir estos sistemas con el objetivo
de conocer sus caracteristicas.

El segundo objetivo especifico (O-2) persigue comprender la construccion
de los sistemas recomendadores, y por ello ha consistido en crear un sistema
real en el dominio del turismo y ocio. El sistema devuelve los planes turisti-
cos para los usuarios a partir de sus preferencias y la informacién contextual
en el momento de la recomendacion. Este sistema fue un caso de estudio
donde hemos podido probar las distintas funcionalidades y técnicas que se
han anadido al modelo y a la plataforma basada en conocimiento. El dominio
elegido de este sistema recomendador fue el turismo y ocio debido a que este
dominio nos permite incluir informacién contextual en el sistema recomen-
dador como, por ejemplo, las localizaciones de los usuarios, los horarios de
las actividades, etc. En este sistema se analiz6 la influencia de la informaciéon
contextual a las recomendaciones que se daban a los usuarios.

Este sistema recomendador también nos permitié definir el tercer objetivo
especifico (0-3), que consistio en estudiar soluciones a uno de los problemas
més comunes que existen en los sistemas recomendadores: el arranque en
frio (Park y Chu, 2009). Este problema surge cuando no hay suficiente infor-
macién para que el sistema recomendador tenga un rendimiento aceptable.
Esto pasa, por ejemplo, si no hay suficientes valoraciones en sistemas de
filtrado colaborativo o no existen suficientes descripciones de productos en
sistemas basados en contenido. En esta tesis proponemos aplicar sistemas de
razonamiento basado en casos (CBR del inglés Case-Based Reasoning) como
solucién a este problema en algunos sistemas recomendadores. Los sistemas
CBR basan su razonamiento en buscar soluciones a un problema nuevo re-
utilizando soluciones que se han aplicado en situaciones similares (Kolodner,
1992). En nuestro grupo de investigacion GAIA (Grupo de Aplicaciones de
Inteligencia Artificial) existe una larga trayectoria en aplicar CBR a diversos
problemas de inteligencia artificial.

Partiendo del estudio del estado del arte y de la construcciéon de un siste-
ma real, el cuarto objetivo especifico (O-4) fue formalizar un modelo basado
en componentes que permitiera definir como se construyen los sistemas reco-
mendadores. Es decir, definir cada una de las funcionalidades de los sistemas
recomendadores como una caja negra donde se definan las restricciones de
uso y su signatura respecto a los datos de entrada y salida. La principal
ventaja de este modelo es permitir la reutilizacién de estos componentes en
distintos sistemas recomendadores. Ademaés, en este modelo se representan
las reglas de relacion entre los distintos componentes. Por ltimo, al definir
los componentes del sistema recomendador, este modelo crea un vocabulario
comun para construir cualquier tipo de sistema recomendador, siendo inde-
pendiente del framework final que se utilice. Para este objetivo se definié que
el modelo se tenia que representar mediante una ontologia para que se pudie-
se usar como base en la plataforma inteligente. Una ontologia permite crear
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una definicién formal de un conjunto de entidades y definir las propiedades
de las entidades y la relaciones que existen entre ellas (Gruber, 2009).
Todos estos objetivos especificos nos permitieron completar el objetivo
final de esta tesis (O-5): el desarrollo de una plataforma basada en cono-
cimiento que dé soporte para el disefio, implementaciéon y despliegue de los
sistemas recomendadores. Esta plataforma, llamada RECOLIBRY-STUDIO, se
basa en el modelo teérico basado en componentes para construir los sistemas
recomendadores. Esta plataforma cuenta con 3 herramientas:

= Una herramienta de alto nivel para el diseno de los sistemas reco-
mendadores. Esta herramienta usa el modelo tedrico para orientar al
desarrollador a la hora de seleccionar qué técnica de recomendacién se
adapta mejor a los componentes seleccionados previamente.

= Un framework en Java que implementa los componentes a partir de
otros frameworks de sistemas recomendadores. Ademas, este frame-
work permite la construccién de los sistemas recomendadores usando
inyeccion de dependencias.

= Una herramienta web que permite el despliegue automatico de los siste-
mas creados con esta plataforma. Ademaés, esta herramienta despliega
una API para que el sistema recomendador pueda ser utilizado en apli-
caciones externas.

1.3. Resumen de las contribuciones

Como hemos explicado en la seccién anterior, en esta tesis se definieron
un conjunto de objetivos especificos para poder completar el objetivo final
de desarrollar una plataforma para crear sistemas recomendadores. Por cada
uno de estos objetivos se han obtenido uno o mas resultados. A continuacion,
explicaremos las contribuciones resultantes de cada uno de los objetivos,
el capitulo en el que se encuentran y las publicaciones asociadas a estas
contribuciones:

Objetivo 1 (O-1)

Comprender la construccion de los sistemas recomendadores anali-
zando las técnicas utilizadas, los problemas que se puedan encontrar
y los frameworks disponibles.

Resultado 1 Estudio de sistemas recomendadores clésicos y sistemas re-
comendadores contextuales incluyendo las distintas técnicas
que utilizan.

Contribuciones aportadas:



1.3. Resumen de las contribuciones 9

= Capitulo 2: Estudio del dominio.

Resultado 2 Clasificacion y analisis de los principales problemas que se en-
cuentran en un sistema recomendador incluyendo soluciones
encontradas en la literatura.

Contribuciones aportadas:
= Capitulo 2: Estudio del dominio.

Resultado 3 Estudio de los principales frameworks para crear sistemas re-
comendadores clasificando sus caracteristicas para su integra-
cion con la plataforma del objetivo O-5.

Contribuciones aportadas:

= Capitulo 2: Estudio del dominio.

= Capitulo 15: RECOLIBRY SUITE: a set of intelligent tools
for the development of recommender systems, (Jorro-
Aragoneses et al., 2020).

Objetivo 2 (0O-2)

Desarrollar un sistema recomendador que utilice informacién contex-
tual y que permita probar los conceptos que se anadiran en el modelo
tedrico.

Resultado 4 Desarrollo de un sistema recomendador de planes turisticos y
de ocio en Madrid que utiliza informacién contextual: Madrid
Live.

Contribuciones aportadas:
= Capitulo 3: Estudio de la construcciéon de un sistema
recomendador contextual.

= Capitulo 9: Madrid Live: a context-aware recommender
system of leisure plans, (Jorro-Aragoneses et al., 2017b).

Objetivo 3 (0-3)

Desarrollar distintas soluciones al problema del cold-start en sistemas
recomendadores.

Resultado 5 Propuesta de un método CBR para resolver el problema del
cold-start en sistemas recomendadores.

Contribuciones aportadas:
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= Capitulo 3: Estudio de la construccién de un sistema
recomendador contextual.

s Capitulo 11: Addressing the cold-start problem in facial
expression recognition, (Jorro-Aragoneses et al., 2015).

Resultado 6 Propuesta de una metodologia que permite crear una base de
casos inicial para sistemas recomendadores de planes turisti-
Cos.

Contribuciones aportadas:

= Capitulo 3: Estudio de la construccién de un sistema
recomendador contextual.

s Capitulo 12: Case base elicitation for a context-aware
recommender system, (Jorro-Aragoneses et al., 2018).

Objetivo 4 (0O-4)

Crear un modelo teérico basado en componentes que describa la cons-
truccion de los sistemas recomendadores y plasmarlo en una ontologia
para utilizarlo en la plataforma del objetivo O-5.

Resultado 7 Propuesta de una ontologia que defina la construcciéon de sis-
temas recomendadores a partir de componentes: RECONTO.

Contribuciones aportadas:

= Capitulo 4: Una plataforma inteligente para la creacion
de sistemas recomendadores.

s Capitulo 13: RECONTO: an ontology to model recom-
mender systems and its components, (Jorro-Aragoneses
et al., 2017a).

= Capitulo 15: RECOLIBRY SUITE: a set of intelligent tools
for the development of recommender systems, (Jorro-
Aragoneses et al., 2020).

Objetivo 5 (O-5)

Desarrollar una plataforma que ayude en el diseno, implementacion
y despliegue de los sistemas recomendadores basdndose en el modelo
obtenido en el objetivo O-4.

Resultado 8 Creacién de un framework para crear sistemas recomendado-
res a partir de los componentes definidos en el objetivo O-4:
RECOLIBRY-CORE.
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Contribuciones aportadas:

= Capitulo 4: Una plataforma inteligente para la creaciéon
de sistemas recomendadores.

= Capitulo 14: RECOLIBRY-CORE: A component-based fra-
mework for building recommender systems, (Jorro-Aragoneses
et al., 2019).

= Capitulo 15: RECOLIBRY SUITE: a set of intelligent tools
for the development of recommender systems, (Jorro-
Aragoneses et al., 2020).

Resultado 9 Desarrollo de una aplicaciéon web que permita disenar y crear
un sistema recomendador de forma semi-automaética: RECO-
LIBRY-STUDIO.

Contribuciones aportadas:

= Capitulo 4: Una plataforma inteligente para la creaciéon
de sistemas recomendadores.

= Capitulo 15: RECOLIBRY SUITE: a set of intelligent tools
for the development of recommender systems, (Jorro-
Aragoneses et al., 2020).

Resultado 10 Desarrollo de un servidor web que permita desplegar los sis-
temas recomendadores de forma automética a partir de un
fichero de configuracién: RECOSERVER.

Contribuciones aportadas:

= Capitulo 4: Una plataforma inteligente para la creaciéon
de sistemas recomendadores.

= Capitulo 15: RECOLIBRY SUITE: a set of intelligent tools
for the development of recommender systems, (Jorro-
Aragoneses et al., 2020).

La memoria de esta tesis doctoral se ha organizado de la siguiente ma-
nera: el Capitulo 2 contiene un estudio del dominio de los sistemas recomen-
dadores y frameworks para construir sistemas recomendadores; el Capitulo
3 describe todas las contribuciones asociadas al sistema recomendador con-
textual desarrollado y las soluciones propuestas al problema del cold-start;
el Capitulo 4 contiene las contribuciones asociadas al modelo tedrico y a la
plataforma para generar sistemas recomendadores; en el Capitulo 5 se hace
una recopilaciéon de las conclusiones obtenidas a lo largo de la investigacion
de esta tesis y las lineas de trabajo futuras que quedan abiertas. Por tltimo,
la Parte III contiene todas las publicaciones que explican en detalle cada una
de las contribuciones presentadas.






Capitulo 2

Estudio del dominio

El primer objetivo especifico que se planted en esta tesis doctoral es el
objetivo O-1:

Objetivo 1 (O-1)

Comprender la construccion de los sistemas recomendadores anali-
zando las técnicas utilizadas, los problemas que se puedan encontrar
y los frameworks disponibles.

Para cumplir este objetivo, en la Seccién 2.1 se presenta una revision de
las distintas técnicas de recomendacién que se han propuesto en la literatura.
A continuacion, la Seccién 2.2 enumera los problemas més comunes asociados
al conjunto de datos que se utilizan en los sistemas de recomendacién. Por
iltimo, en la Seccién 2.3 se muestran los resultados del analisis realizado a un
conjunto de frameworks para construir estos sistemas. En este anélisis se han
descrito las ventajas y limitaciones que tienen cada uno de los frameworks
analizados.

2.1. Sistemas recomendadores

A la hora de tomar una decisién, normalmente no conocemos en detalle
toda la informacién de cada una de las posibilidades que se nos presen-
tan. Por esta razon, tendemos a escuchar las recomendaciones que nos hacen
otras personas o que leemos a través de articulos de opinién para guiarnos en
nuestra decision. Los sistemas recomendadores intentan imitar este proceso
para mostrarnos aquellas opciones que méas nos pueden interesar (Resnick y
Varian, 1997). Un factor importante que ha popularizado los sistemas reco-
mendadores ha sido el crecimiento exponencial de informacién que tenemos
en Internet. Estos sistemas son una herramienta para filtrar de forma per-
sonalizada la informacién, ya que muestran solo la informaciéon que puede

13
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interesar a cada usuario segin sus gustos o preferencias.

Aunque el objetivo principal de los sistemas recomendadores es facilitar
el proceso de busqueda de informacién a los usuarios, han surgido nuevos
objetivos en los que enfocar los resultados de los sistemas recomendadores.
En Ricci et al. (2015) encontramos algunos objetivos para los que se pueden
aplicar los sistemas recomendadores: incrementar las ventas de un producto,
mejorar la experiencia de los usuarios en un sitio web, mejorar la fidelidad de
los usuarios, etc. Un ejemplo muy claro lo encontramos en los sitios web de
comercio electronico donde los productos que se muestran a cada usuario son
aquellos que pueden interesarle segtin las compras que ha realizado anterior-
mente (Schafer et al., 1999). Los sistemas recomendadores se pueden aplicar
a una gran variedad de dominios como libros, musica, peliculas, viajes, etc.
(Bobadilla et al., 2013).

La mayoria de los sistemas recomendadores cuentan con tres elementos
béasicos para generar las recomendaciones (Ricci et al., 2015). Estos tres
elementos son los siguientes:

Usuarios Son los consumidores de los sistemas recomendadores. Dependien-
do del objetivo que tenga el sistema de recomendacién, se guardara
distinto tipo de informacién de los usuarios. Esta informacién puede
ser desde tinicamente el identificador del usuario hasta un conjunto de
caracteristicas de los productos que le gustan o datos demogréficos del
usuario.

Items Son los elementos que van a ser recomendados en el sistema. Segin
la técnica de recomendacion, el sistema almacenaré diferentes datos de
los items. Por ejemplo, algunas técnicas solo necesitan el identificador
de los items y otras necesitan una descripciéon detallada de cada uno
de ellos. Los sistemas de recomendacién clasificaran a los items segin
la utilidad que tengan para un usuario concreto.

Transacciones Son las interacciones que existen entre los usuarios y los
items. Estas interacciones permiten predecir qué items le pueden in-
teresar a un usuario en el futuro. Se pueden obtener de dos maneras:
explicita o implicitamente. De forma explicita se obtienen cuando el
usuario interactiia con el sistema recomendador para indicar su opi-
nion sobre un item, por ejemplo, valorando un producto de 0 a 10. Por
otro lado, de forma implicita ocurre cuando esta informacion se infiere
de una accién del usuario, por ejemplo, almacenando en una lista los
productos que ha comprado un usuario.

Aunque la mayoria de los sistemas recomendadores utilizan tnicamente
estos tres elementos, existen otros sistemas que incluyen informacion adi-
cional para mejorar los resultados de los sistemas recomendadores. Estos
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sistemas incluyen informacién externa a los usuarios y a los items que pue-
de haber influido en la opinién del usuario sobre un item en un momento
concreto. A este tipo de informacion externa se le denomina informacion con-
textual. Por ejemplo, imaginemos un sistema recomendador turistico donde
las preferencias de un usuario sea visitar parques. Sin embargo, en el momen-
to de generar la recomendaciéon estd lloviendo. Este sistema recomendador
deberia recomendar otra actividad que, aunque no es la preferida por el
usuario, mejore su experiencia. La lluvia en este ejemplo seria la informacién
contextual que influye en la recomendacion final al usuario. Por este moti-
vo, en esta tesis doctoral hemos clasificado las técnicas de recomendacion
siguiendo la clasificacion que proponen Adomavicius y Tuzhilin (2015). En
esta clasificaciéon encontramos 2 tipos de sistemas de recomendacién segin
la informacion que utilizan: los sistemas cldsicos o de 2-dimensiones (2D) y
los sistemas contextuales. Los sistemas de recomendacién clasicos o 2D son
aquellos que utilizan Gnicamente la informacién de los usuarios, los items y
sus interacciones. Por otro lado, los sistemas de recomendaciéon contextua-
les incluyen mas dimensiones como atributos contextuales para calcular la
sugerencia al usuario.

En las siguientes secciones se explican en detalle cada uno de los tipos
de sistemas recomendadores, qué técnicas se utilizan en cada uno de ellos
y algunos trabajos encontrados en la literatura que aplican cada uno de los
tipos de sistemas de recomendacién.

2.1.1. Sistemas recomendadores clasicos

Como hemos explicado en el Capitulo 1, los sistemas recomendadores
comienzan a ser un area de investigacion independiente a mediados de los
anos 90. Los primeros trabajos sobre sistemas de recomendaciéon estudiaban
la estructura que tenian las valoraciones de los usuarios sobre los items para
determinar los items que les podian interesar. Por este motivo, la mayoria de
los trabajos se centraron en crear una técnica de recomendacion basada en
valoraciones, es decir, técnicas que permitiera estimar la valoracién que haria
un usuario a un item que no habia consumido atn (Adomavicius y Tuzhilin,
2005). Estos primeros sistemas de recomendacion utilizaban algoritmos que
tenian como objetivo entrenar una funciéon f que devolveria las estimaciones
de las valoraciones (Ratings) que un conjunto de usuarios (Users) harfan
sobre un conjunto de items (Items) (Zafarani et al., 2014).

f : Users x Items — Ratings (2.1)
En concreto, la funciéon f tenia que devolver un valor real por cada par

(u,i) donde w es el identificador de un usuario del conjunto Users e i es el
identificador del item perteneciente al conjunto Items. El valor devuelto en
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los sistemas basados en valoraciones dependeré del intervalo de valoraciones
que hagan los usuarios en el sistema recomendador (Ekstrand et al., 2010).
Sin embargo, el objetivo general de los sistemas recomendadores es devolver
el conjunto de items que méas puedan interesar a los usuarios. Por este motivo,
la funcion anterior se puede generalizar como una funcién R que utiliza
la informaciéon entre usuarios (Users) e items (Items) para devolver un
conjunto ordenado de items (Recommendations) segun lo util que sean los
items para un usuario (Adomavicius y Tuzhilin, 2005). La funciéon R puede
usar la funciéon f para conocer el interés del usuario por cada item, pero
incluye un sistema de selecciéon para devolver el conjunto de items que se le
recomendaré al usuario.

R : Users x Items — Recommendations (2.2)

Por este motivo a estos sistemas se les denomina sistemas de recomenda-
cion clasicos o de 2-dimensiones. Estos algoritmos entrenaban las funciones
a partir de las valoraciones o interacciones de los usuarios con los items que
conocfan. Dentro de este grupo de sistemas recomendadores encontramos
tres técnicas distintas: técnicas de filtrado colaborativo, técnicas basadas en
contenido y técnicas hibridas. A continuacion, describimos en detalle cada
una de estas técnicas.

2.1.1.1. Filtrado colaborativo

Los sistemas de recomendacidon basados en filtrado colaborativo utilizan
los patrones de las valoraciones que hacen los usuarios a los items para obte-
ner nuevos items que les puedan interesar (Koren y Bell, 2015). Las técnicas
basadas en filtrado colaborativo utilizan como dominio de la informacion
una matriz donde las dimensiones sean los usuarios y los items del sistema
recomendador, y los valores de la matriz son las valoraciones que han hecho
los usuarios a los items. Por supuesto, existen muchos valores que no se co-
nocen. A estos se les llama valores desconocidos (Ekstrand et al., 2010). El
objetivo de la mayoria de los sistemas que utilizan estas técnicas es predecir
la opinién de los usuarios en los valores desconocidos y, a partir de estas
predicciones, recomendar items que puedan interesar a los usuarios. Las téc-
nicas de filtrado colaborativo se pueden dividir en dos grupos (Breese et al.,
1998): las técnicas basadas en memoria y las técnicas basadas en modelos.

Las técnicas basadas en memoria necesitan las valoraciones que han he-
cho los usuarios a los diferentes items para encontrar similitudes entre ellas.
Dentro de las técnicas basadas en memoria, la mas utilizada es la basada en
los vecinos mds prozimos sobre el conjunto de usuarios o de los items (Schafer
et al., 2007). Los algoritmos basados en los usuarios mds prorimos utilizan
las valoraciones que ha hecho un usuario objetivo, al que se le recomendaré
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un item, para buscar usuarios similares. Para buscar estos usuarios pareci-
dos se suelen utilizar funciones de similitud (Shimodaira, 2014) como, por
ejemplo, las funciones de similitud del coseno o de correlacion de Pearson.
Los usuarios similares permiten predecir la valoraciéon que haria el usuario
objetivo a ftems que no ha consumido atn, pero que si han valorado esos
usuarios similares. Por otro lado, estan los algoritmos basados en los items
mds proximos. En este caso, el sistema obtiene los items que han recibido
valoraciones parecidas al item objetivo, el que se va a recomendar. A partir
de la valoracién que ha hecho el usuario objetivo a los items similares se
puede predecir la valoraciéon que hara al item objetivo.

El segundo tipo de técnicas son las basadas en modelo. Estas técnicas
entrenan un modelo con el que predecir los valores desconocidos a partir
de las valoraciones que han hecho los usuarios anteriormente (Sarwar et
al., 2001). A continuacion, los sistemas recomendadores utilizan el modelo
resultante para generar las recomendaciones. Algunos de los algoritmos que
se utilizan en este tipo de técnicas son sistemas basados en reglas, redes
Bayestanas y algoritmos de agrupamiento o clustering. Uno de los algoritmos
que mejores resultados han dado para predecir valoraciones son los métodos
basados en factores latentes, como por ejemplo la factorizacion de matrices
no negativas (NMF del inglés Non-Negative Matriz Factorization) (Lee y
Seung, 2001). Este fue uno de los mejores algoritmos que se presentaron en
la competicion del Netflix Prize en 2006 (Funk, 2006).

Los sistemas recomendadores basados en filtrado colaborativo son los mas
utilizados. Muchas de las grandes empresas comerciales utilizan este tipo de
sistemas recomendadores para filtrar los productos que muestran a los usua-
rios. Por ejemplo, Netfliz (Gomez-Uribe y Hunt, 2016) utiliza algoritmos de
filtrado colaborativo para recomendar peliculas a los usuarios. Otro ejemplo
lo encontramos en Amazon donde utilizan un algoritmo de filtrado colabo-
rativo basado en items (Smith y Linden, 2017) para mostrar a los usuarios
recomendaciones en los productos de su catdlogo. Un sistema que también
se popularizo en este tipo de técnicas de recomendacion fue MowvieLens. Mo-
vieLens usa un sistema de recomendacion de filtrado colaborativo basado en
usuarios para predecir qué peliculas pueden interesar a un usuario.

2.1.1.2. Sistemas basados en contenidos

Por otro lado, existen los sistemas recomendadores basados en conteni-
do. Estos sistemas utilizan técnicas que comparan las caracteristicas de los
items con las caracteristicas que gustan a los usuarios (Lops et al., 2011).
Mientras que las técnicas de filtrado colaborativo solo necesitan tener acceso
a las valoraciones o interacciones que hacen los usuarios con los items, los sis-
temas basados en contenido deben tener acceso a dos fuentes de informaciéon
(Aggarwal, 2016): las descripciones de los items a recomendar y los perfiles
de usuario donde se guardan las preferencias de los usuarios. Este tipo de



18 CapriTuLO 2. Estudio del dominio

sistemas de recomendacion cuenta normalmente con tres etapas (Lops et al.,
2011):

1. Analisis de contenido. En muchas ocasiones la informacion que des-
cribe a los items no se encuentra en una forma estructurada. Se puede
encontrar, por ejemplo, en un formato de texto libre. Por este motivo,
la mayoria de estos sistemas deben considerar una primera etapa en
la que se extraiga la descripciéon de los items con la estructura que
utilizara el sistema recomendador. Esta etapa se puede hacer de forma
automatica o manual.

2. Entrenamiento de perfiles de usuario. Los perfiles de usuario que
utilizan estos sistemas se generan a partir de las interacciones que van
haciendo los usuarios con los items que van consumiendo. Este paso
es el encargado de almacenar en los perfiles de usuario aquellas ca-
racteristicas comunes de los items que han preferido cada uno de los
usuarios. Normalmente, en esta etapa se utilizan técnicas de aprendi-
zaje automatico que permiten extraer los atributos de los items mas
significativos para guardarlos en el perfil del usuario.

3. Filtrado de contenido. La tultima etapa es el proceso de recomenda-
ciéon. En este paso se comparan las descripciones de los items con las
caracteristicas almacenadas en los perfiles de usuario. Una vez hecho
esto, el sistema mostrara aquellos items que puedan ser mas relevan-
tes para el usuario segiin la comparacién realizada. El usuario, cuando
recibe una recomendacioén, puede continuar valorando los items. En
estos casos, el sistema recomendador vuelve a ejecutar la etapa de en-
trenamiento de perfiles para actualizar las preferencias del usuario en
su perfil.

Dentro de este tipo de sistemas recomendadores, existen diversas metodo-
logias que se han aplicado con éxito. Entre estas metodologias encontramos
clasificacion Bayesiana (Yang et al., 2013), clasificacion basada en reglas o
redes semdnticas (Shishehchi et al., 2010) o modelos basados en regresion
(Van den Oord et al., 2013). Sin embargo, la técnica méas popular en este
tipo de sistemas es la técnica de los vecinos mds prozimos (K-NN del inglés
K-Nearest Neighbors) (Pazzani y Billsus, 2007).

A pesar de que los sistemas recomendadores de filtrado colaborativo son
los més utilizados, existen algunos proyectos comerciales que utilizan técnicas
basadas en contenido para sus recomendaciones. Un ejemplo es The Music
Gnome Project (Castelluccio, 2006) donde se han generado 450 atributos
musicales a cada una de las canciones de la plataforma Pandora para generar
recomendaciones a partir de estos atributos. Otro ejemplo es el proyecto
Enterteinment Genome de la empresa Jinni'. Este proyecto etiqueta todos

"http://www.jinni.com/
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los videos de entretenimiento (peliculas, programas de television, etc.) con
una gran cantidad de atributos para que puedan ser utilizados en sistemas
recomendadores basados en contenido. Este proyecto es utilizado por grandes
empresas de entretenimiento como Microsoft Xboz?, VUDU3 o Telefonica*
para sus plataformas de television o videos.

Dentro de los sistemas basados en contenido encontramos una técnica
llamada sistemas recomendadores basados en casos. Esta técnica es la que se
ha utilizado para crear el sistema recomendador que se explica en el Capitulo
3. Estos sistemas se basan en la metodologia del razonamiento basado en
casos (CBR del inglés Case-Based Reasoning). Esta metodologia consiste
en resolver un nuevo problema reutilizando o adaptando soluciones a otro
problema similar que ha surgido anteriormente (Riesbeck y Schank, 1989).
Esta metodologia imita un tipo de razonamiento del ser humano al aplicar
soluciones que recuerda para resolver problemas similares que se le presentan
en el futuro (Kolodner, 2014). E1 CBR se suele aplicar en dominios donde es
muy dificil crear un modelo o donde no es posible hacer una adquisicién de
conocimiento (Shiu y Pal, 2004).

Los sistemas CBR tienen un conjunto de soluciones que se han aplicado a
diversos problemas de un mismo dominio. En los sistemas CBR se denomina
con el término caso al elemento que une la descripciéon del problema y la
solucioén aplicada. A partir de este conjunto de casos, o también llamado base
de casos, se aplican cuatro pasos para generar soluciones a nuevos problemas.
A estos pasos se les denominan las cuatro Rs (Aamodt y Plaza, 1994), que
como se pueden ver en la Figura 2.1 son los siguientes:

Zhttps:/ /www.xbox.com/
3https://www.vudu.com/
“https://www.telefonica.com /
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= Recuperacion. A partir de una consulta de un nuevo problema, el
sistema utiliza funciones de similitud para recuperar aquellos casos
almacenados que son mas similares a la consulta.

= Reutilizacion. A continuacion, a partir de las soluciones que contie-
nen todos los casos recuperados, se copian o integran estas soluciones
para generar una posible solucién al problema de la consulta.

= Revision. El sistema revisa la solucidén recuperada para determinar
si resolver4 el problema correctamente. En este paso el sistema puede
adaptar la solucion al problema de la consulta.

= Retencion. Esta nueva soluciéon se almacena en la base de casos junto
con la descripciéon del problema en el momento que se ha validado.
Esto permitiré resolver problemas similares en el futuro.

Los sistemas de recomendacion basados en casos se han aplicado en di-
versos dominios como son la recomendacion de cursos masivos (Bousbahi y
Chorfi, 2015), peliculas (Quijano-Sanchez et al., 2012) o terapias de bienestar
(Pheng et al., 2013).

2.1.1.3. Sistemas hibridos

El ultimo tipo de sistemas recomendadores clasicos son aquellos que mez-
clan dos o mas técnicas de recomendacion. A estos sistemas se les denomina
sistemas de recomendacién hibridos. La principal caracteristica es que la
combinaciéon de técnicas de recomendacién permite solventar los problemas
que existen en cada una de las técnicas individualmente (Ricci et al., 2015).
En Burke (2002) se hace una clasificacion de los métodos hibridos existentes
en los sistemas de recomendacion. Segun esta clasificacion existen siete tipos
de métodos hibridos:

= Ponderado. Se utiliza una técnica de puntuaciéon o votacion para
determinar la recomendacion final a partir de las recomendaciones ob-
tenidas por un conjunto de técnicas.

= Switching. El sistema recomendador elige distintas técnicas de reco-
mendacién dependiendo de la situacion.

= Mezclados. Las recomendaciones obtenidas por distintas técnicas son
mostradas al usuario al mismo tiempo.

s Combinacién de propiedades. Las caracteristicas de las distintas
fuentes de informacién de las recomendaciones son combinadas para
generar un algoritmo basado en un modelo con la combinacién de ca-
racteristicas.
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= Cascada. Las recomendaciones propuestas por una técnica de reco-
mendacién son refinadas por otra técnica de recomendacion.

= Aumento de funciones. Los resultados de una de las técnicas de
recomendacion son los datos de entrada para otra técnica de recomen-
dacioén.

= Meta-niveles. El modelo entrenado para una técnica de recomenda-
cién es utilizado como entrada para otra técnica de recomendaciéon
distinta.

Existen muchos ejemplos de métodos hibridos aplicados en sistemas reco-
mendadores. En la Seccién 2.2 se exponen algunos ejemplos de estas técnicas
aplicados a problemas concretos que se encuentran en sistemas recomenda-
dores.

2.1.2. Sistemas recomendadores contextuales

Todos los sistemas de recomendacién vistos en la secciéon anterior utilizan
tinicamente la informacion de los usuarios, los items o las interacciones entre
ellos para predecir qué items les pueden interesar en el futuro. Sin embargo,
existe un area de investigacién en sistemas recomendadores que incluyen
factores externos que pueden hacer cambiar las preferencias del usuario en un
momento concreto. A estos sistemas se les denomina sistema recomendadores
contextuales (CARS del inglés Context-Aware Recommender Systems).

Este tipo de sistemas incluyen el contexto en el modelo de recomenda-
cion. El contexto tiene multiples definiciones dependiendo del dominio en
el que se utilice. En los sistemas informéticos, la definicién maéas utilizada
para definir el contexto es la que se propone en Dey (2001): El contexto es
cualquier informacion que puede ser utilizada para describir la situacion de
cualquier entidad. Una entidad es una persona, lugar u objeto que es conside-
rado relevante en la interaccion entre un usuario y una aplicacion, incluidos
el propio usuario y la propia aplicacion. En Zimmermann et al. (2007) se
explica qué tipo de informacion contextual existe y como se puede utilizar.

Utilizaremos un ejemplo para comprender mejor como funcionan este tipo
de sistemas. Imaginemos que tenemos un sistema recomendador contextual
de peliculas. Al usuario objetivo al que se le hara la recomendacién le encan-
tan las peliculas de terror, sin embargo, en un momento concreto quiere ver
una pelicula con su familia, compuesta por su pareja y un nino o nina. En
este caso, el sistema recomendador debe adaptar la recomendacion a la nueva
situacién, que es verlo en familia. Por este motivo, el sistema recomendador
buscara otro tipo de pelicula que, a pesar de que no es la categoria favorita
del usuario objetivo, se adapta mejor a esta situacion.

Como explica Adomavicius y Tuzhilin (2015), los sistemas recomenda-
dores contextuales se pueden definir como una funcién R, que extiende
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la funcién definida en la Seccién 2.1.1. Esta funciéon R, utiliza la infor-
macion del dominio de los usuarios (Users), items (Items) y la informa-
cién contextual (Context) para devolver un conjunto ordenado de items
(Recommendations) segin su utilidad para el usuario en un contexto con-
creto:

Rz : Users x Items x Context — Recommendations (2.3)

Estos sistemas recomendadores se pueden clasificar en tres paradigmas
segun se ha implementado el uso de la informacion contextual (Adomavicius
y Tuzhilin, 2015):

= Pre-Filtrado contextual. Este tipo de sistemas recomendadores fil-
tran del catalogo de ftems a recomendar aquellos que no se adaptan a
la informacion contextual de la consulta. Una vez hecho esto, se puede
aplicar un sistema de recomendacién clasico, como los explicados an-
teriormente, para determinar los items maés relevantes para el usuario
objetivo.

s Post-Filtrado contextual. Estos sistemas de recomendacién invier-
ten los pasos vistos en el paradigma de pre-filtrado contextual. En
primer lugar, se utiliza una de las técnicas de recomendacién clasi-
cas para ordenar los items segin el interés que puedan tener para el
usuario objetivo. A continuacion, se filtran aquellos items que tienen
condiciones contextuales diferentes a los de la consulta.

s Modelo Contextual. El dltimo paradigma agrupa todos los algo-
ritmos que incluyen algin tipo de informacién contextual dentro del
modelo del sistema recomendador junto con la informacién de los usua-
rios y la de los items. Este tipo de sistemas recomendadores obtienen
los items més relevantes para el usuario y el contexto de la consulta
directamente del modelo.

En Panniello et al. (2009), se hizo un estudio con diversos sistemas de re-
comendacién contextuales para determinar qué paradigma entre pre-filtrado
y post-filtrado funciona mejor. En este estudio se determiné que el para-
digma de pre-filtrado contextual es el méas rapido, debido a que el sistema
recomendador solo utiliza un subconjunto de todos los {tems, y que las re-
comendaciones obtenidas son maés relevantes comparados con los otros los
algoritmos que utilizan post-filtrado.

Los sistemas recomendadores contextuales se aplican a diversos dominios
como peliculas (Ono et al., 2007; Colombo-Mendoza et al., 2015), musica
(Baltrunas et al., 2011; Hariri et al., 2012) o herramientas de aprendizaje
(Wang y Wu, 2011). Sin embargo, uno de los dominios donde mas sistemas
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de recomendacion contextual se pueden encontrar es el dominio del turismo
y ocio. Esto se debe a que las actividades turisticas cuentan con mucha in-
formacion contextual como horarios, distancia al usuario objetivo, distancia
entre actividades, etc. Ademas, estos sistemas suelen tener como objetivo
organizar rutas a usuarios en tiempo real (Borras et al., 2014), y es necesa-
rio incluir la informacién contextual para mejorar los resultados. Uno de los
primeros sistemas recomendadores contextuales que se aplicé al turismo fue
COMPASS (Van Setten et al., 2004) que mostraba a los usuarios aquellos
lugares que le podrian interesar cerca de su ubicacion. Otro ejemplo mas
actual es Pythia (Drosatos et al., 2015) que recomienda distintos puntos de
interés a partir de la informacion contextual del usuario.

2.1.3. Nuevas tendencias en sistemas recomendadores

Ademas de todas las técnicas vistas anteriormente, existen otras técni-
cas de recomendacién que se han popularizado en los tltimos anos. La mas
popular de estas técnicas, debido a su gran precisiéon en otros campos de la
inteligencia artificial, ha sido el deep learning o aprendizaje profundo. El deep
learning es un método de aprendizaje que utiliza diferentes niveles interco-
nectados para representar un problema y permiten transformar un problema
desde los datos en crudo, como por ejemplo una imagen, hasta un nivel de
representacién més abstracta, la categoria de la imagen dentro de una clasi-
ficacion (Lecun et al., 2015). En el area de los sistemas recomendadores, el
uso de deep learning ha permitido capturar de forma eficiente relaciones no
lineales y no triviales entre usuarios e items (Mu, 2018). Ademaés, la técnica
del deep learning ha permitido resolver de manera eficiente algunos de los
problemas en sistemas recomendadores que se trabajan en esta tesis como
el problema del cold-start (Wei et al., 2017). Sin embargo, esta técnica tiene
algunas limitaciones como la obtencién de modelos poco interpretables o la
cantidad de datos de entrenamiento necesarios para obtener el modelo final
(Zhang et al., 2019).

Otra estrategia en los sistemas recomendadores es el uso de grafos de
conocimiento. Un grafo de conocimiento es una representacion compuesta
por entidades, representadas con nodos del grafo, y las relaciones que tienen
estas entidades, representadas con las aristas del nodo (Ji et al., 2020). De-
pendiendo del problema a resolver, la informacién representada es diferente.
Un ejemplo de representacion hibrida lo encontramos en el sistema entity2rec
(Palumbo et al., 2017) que utiliza grafos donde las entidades son los usuarios
del sistema recomendador, las peliculas a recomendar y caracteristicas de las
peliculas (actor, director, etc.) y las relaciones son las interacciones de los
usuarios con las peliculas y las caracteristicas con las peliculas. A partir de
esta representacion, los autores generar medidas de puntuacién para generar
un ranking de n recomendaciones. Sin embargo, en Caro-Martinez y Jimenez-
Diaz (2017) los autores proponen un grafo para representar las interacciones
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de un juez en linea de ejercicios de programaciéon. Este grafo relaciona a los
usuarios y los ejercicios dependiendo de los ejercicios que los usuarios hayan
completado anteriormente y, a partir de esto, recomienda nuevos problemas.
Estas recomendaciones las obtienen aplicando métricas de analisis de redes
sociales.

A parte de nuevas técnicas, en el adrea de investigacion de los sistemas
recomendadores se ha trabajado en sistemas que devuelvan otros resulta-
dos. Por ejemplo, un area de investigaciéon muy activa en los dltimos anos
es la de los sistemas recomendadores basados en secuencias. Estos sistemas
de recomendaciéon devuelven una lista de items para que el usuario los con-
suma en ese orden (Quadrana et al., 2018). Para entrenar esos sistemas de
recomendaciéon se utilizan los registros de los items que han consumido en
el pasado y teniendo en cuenta en el orden que ha consumido cada uno de
esos {tems. Estos tipos de sistemas recomendadores los podemos encontrar en
muchos dominios como el comercio electréonico para recomendar el siguiente
producto que comprar (He y McAuley, 2017), en el turismo para recomen-
dar el siguiente punto de interés a visitar a partir del recorrido que ya lleva
un usuario (He et al., 2016) o para crear listas de reproduccion de musica
(Turrin et al., 2015).

Todas estas nuevas técnicas y nuevos tipos de sistemas recomendadores
se deben tener en cuenta para que en un futuro el modelo propuesto en esta
tesis doctoral pueda incluir estas y otras nuevas soluciones que aparezcan en
el futuro.

2.2. Problemas en sistemas recomendadores

Existen una gran cantidad de problemas que un disenador debe tener en
cuenta a la hora de crear un sistema recomendador. Algunos de estos pro-
blemas son la privacidad del usuario, la escalabilidad del sistema, problemas
de latencia, etc. (Khusro y Ali, 2006). Sin embargo, en la investigacion de
esta tesis doctoral nos centramos en tres problemas comunes asociados a los
datos de entrada que aparecen en los sistemas recomendadores. Estos pro-
blemas son: dispersion de los datos, el problema de la estela y el problema
del cold-start.

2.2.1. Dispersion de datos

Debido a la gran cantidad de usuarios e items que puede llegar a tener
un sistema recomendador, existe un porcentaje muy pequeiio de valoracio-
nes con respecto al total de valoraciones potenciales. Debido a esto, los siste-
mas recomendadores pueden no proporcionar buenas soluciones para algunos
usuarios (Shahabi y Chen, 2003). A este problema se le denomina dispersion
de datos (sparsity en inglés). Este problema es muy comun en los sistemas
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Figura 2.2: Problema de la estela. Representacion del ntimero de valoraciones
que tiene cada pelicula en el dataset de MovieLens.

de recomendacion de filtrado colaborativo basados en memoria.

Existen modelos de sistemas recomendadores para solventar este proble-
ma. Algunas técnicas basadas en reducciones de dimensionalidad como el
método de descomposicion de valores singulares (SVD) (Sarwar et al., 2000)
o técnicas basadas en factores latentes como factorizacion de matrices no-
negativas (NMF) (Luo et al., 2016) pueden llegar a resolver este problema.
Otras soluciones utilizan sistemas de recomendacion hibridos para mejorar
los resultados cuando se encuentran con el problema de la dispersion de datos
(Maneeroj y Takasu, 2009; Kim et al., 2017).

2.2.2. Problema de la estela

Muchos de los sistemas recomendadores se centran en técnicas que fun-
cionan correctamente para los items que cuentan con un nimero muy alto
de valoraciones. Sin embargo, existe un problema en aquellos items que no
tienen muchas valoraciones. El problema de la estela o problema de la cola
(en inglés: long-tail problem) se refiere a un problema en la distribucion de
los datos, donde existen unos pocos elementos de los que se tiene mucha
informacion y, en cambio, una gran mayoria de ellos tienen poca informacién
(Park y Tuzhilin, 2008). La Figura 2.2 muestra este problema con el conjunto
de datos de MovieLens, un sistema recomendador de peliculas que contiene
una gran cantidad de valoraciones de usuarios reales. En esta figura estan
ordenadas las peliculas segiin el ntmero de valoraciones que han recibido.
Como se puede observar, existe un gran namero de peliculas que no tienen
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muchos ratings.

En la literatura se pueden encontrar bastantes trabajos donde se han
aplicado distintas soluciones al problema de la estela como el uso de algorit-
mos de agrupamiento (Park, 2012), uso de factorizacion de matrices (Jing
et al., 2015) o algoritmos basados en grafos (Shi, 2013). Como la mayoria
de los problemas de sistemas recomendadores, también encontramos solucio-
nes basadas en sistemas de recomendacion hibridos (Domingues et al., 2013;
Alshammari et al., 2017).

2.2.3. Problema del cold-start

El problema del cold-start o arranque en frio es un problema muy comun
en los sistemas recomendadores. Este problema ocurre cuando no se tiene la
suficiente informaciéon de un item o de un usuario para poder calcular una
recomendacion (Park y Chu, 2009). Esto puede ocurrir, por ejemplo, al anadir
una nueva pelicula en un sistema recomendador de filtrado colaborativo. Esta
pelicula no tiene valoraciones de los usuarios y, por lo tanto, no aparecera
en las recomendaciones a los usuarios. Se puede producir también por parte
de los usuarios. En los sistemas recomendadores, cuando existe un nuevo
usuario no se tiene informacién sobre sus preferencias.

Existen numerosos trabajos que intentan resolver este problema. En Zhang
y Lee (2010), los autores anaden categorias sociales en las descripciones de
los items y los usuarios. Esto permite utilizar esta informacion para generar
las recomendaciones cuando no se tiene suficiente informacion de los usua-
rios o los items. Otros trabajos como Lika et al. (2014) intentan clasificar
a los nuevos usuarios en grupos predefinidos para poder hacer las primeras
recomendaciones. Aunque una soluciéon muy comun es el de utilizar un siste-
ma recomendador hibrido para resolver este problema (Popescul et al., 2001;
Schein et al., 2002).

De los tres problemas principales que hemos descrito, en esta tesis doc-
toral nos hemos centrado en proponer soluciones al problema del cold-start.
Esto es debido a que es uno de los més comunes en sistemas recomendadores
y a que este problema también se encuentra en sistemas CBR.

2.3. Frameworks para el desarrollo de sistemas re-
comendadores

Como hemos visto en las secciones anteriores, existe una gran variedad
de técnicas para implementar sistemas recomendadores y esto ha llevado a
la creacién de un gran ntmero de frameworks o librerias para facilitar el
desarrollo de estos sistemas. En la Tabla 2.1 se muestra una lista con los fra-
meworks de cédigo abierto o académicos mas relevantes que han aparecido
desde 2011. En total se han analizado las caracteristicas de 21 frameworks
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Framework Lenguaje Ano FC BC AA IG DE EV DS
Lenskit Java 2011 X X X
MyMediaLite C# 2011 X X X X
Mahout Java, Scala 2012 X X X X
PredictionIO Java, PHP, Python, Ruby 2013 X X X X X
HapiGer Node.js 2015 X X
LightFM Python 2015 X X X
LibRec Java 2015 X X X X
jCOLIBRI Java 2015 X X X X
RankSys Java 2016 X X X
LIBMF R 2016 X X
RecDB SQL 2017 X X
Surprise Python 2017 X X X
Rexy Python 2017 X X X
QMF CH++ 2017 X X
SpotLight Python 2017 X X
CaseRecommender Pyhton 2017 X X X
proNet-core CH++ 2017 X
Seldon Java, Python, R, PySpark 2018 X X X
Oryx v2 Java 2018 X X X X
Tensorrec Pyhton 2018 X X
recommenderlab R 2018 X X X

Tabla 2.1: Comparativa de frameworks para crear sistemas recomendadores
de codigo abierto o académicos desde 2011.

diferentes. En primer lugar, se han analizado las técnicas de recomendacién
que permiten implementar. Estas técnicas pueden ser filtrado colaborativo
(FC), basadas en contenido (BC) o aprendizaje automatico (AA). A conti-
nuacién, hemos enumerado aquellos framework que cuentan con una interfaz
grafica (IG) para simplificar la tarea de desarrollo a los usuarios con menos
conocimientos técnicos. Las siguientes caracteristicas que hemos analizado
en estos frameworks es cuéles cuentan con la posibilidad de desarrollar nue-
vos algoritmos (DE), cuéles tienen métodos de evaluacion (EV) para los
sistemas implementados y, por dltimo, cuales disponen de herramientas para
el despliegue automéatico (DS) de los sistemas construidos.

Como se puede observar en la Tabla 2.1, las técnicas de recomendacion
que més implementan estos frameworks son las técnicas de filtrado colabo-
rativo y aprendizaje automaético. Esto es debido a la popularidad que han
tenido ambos métodos, aunque por motivos distintos, segiin explicaremos a
continuacion.

En primer lugar, como hemos explicado en la Seccién 2.1.1.1 las técnicas
de filtrado colaborativo fueron las més utilizadas en sistemas de recomen-
dacion desde que Netflix implement6 esta técnica de recomendacién en su
sistema después del famoso concurso Netflix Prize (Bennett et al., 2007). Esto
demostré la gran precision de esta técnica a la hora de generar recomenda-
ciones y propicié la creacién de numerosos frameworks para su desarrollo.
Entre todas las librerias que implementan la técnica de filtrado colabora-
tivo, encontramos 2 frameworks que son los mas utilizados. El primero de
ellos es Lenskit (Ekstrand et al., 2010). Esta libreria es muy utilizada a nivel
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académico para introducir a los estudiantes en los sistemas recomendado-
res. También, la aplicacion MovieLens (Harper y Konstan, 2015) utiliza esta
libreria para generar un sistema recomendador de peliculas. Ademés, la apli-
cacién MovieLens ha proporcionado numerosos conjuntos de datos que se
han utilizado en el area de la investigacion de sistemas recomendadores para
evaluar las técnicas propuestas. El segundo framework mas utilizado para
crear sistemas recomendadores de filtrado colaborativo es Mahout (Schelter
y Owen, 2012). La principal caracteristica de Mahout es la facilidad que
proporciona a la hora de crear un sistema recomendador debido a la gran
cantidad de metodologias que tiene implementadas. Por otro lado, un frame-
work destacable en este grupo es RecDB (Sarwat et al., 2017). Su principal
diferencia con los demés es que RecDB es un médulo que se instala dentro de
la distribucion de bases de datos PostgreSQL y permite aplicar las técnicas
de filtrado colaborativo directamente a las consultas SQL que se hacen sobre
la base de datos.

La segunda técnica que méas encontramos en los frameworks analizados
es el uso de metodologias basadas en aprendizaje automéatico. Esto se debe
a que la utilizacién de estas técnicas se ha incrementado debido al aumen-
to de informacion disponible sobre usuarios e items y al abaratamiento de
los dispositivos que permiten almacenarla (Landset et al., 2015). Los frame-
works que utilizan técnicas de aprendizaje automaético se pueden clasificar
en 2 grupos: aquellos que utilizan una librerfa o servicio externo para ejecu-
tar los algoritmos de aprendizaje automatico, y aquellos que implementan
técnicas de aprendizaje automatico dentro del framework. Dentro del primer
grupo encontramos los frameworks PredictionIO (Chan et al., 2013), Apache
Mahout (Owen et al., 2011), Oryx v2 (Sean, 2018), y Seldon® que utilizan
la libreria Apache Spark (Apache, 2016) para ejecutar los algoritmos de
aprendizaje automatico. En este mismo grupo encontramos Tensorrec (Kirk,
2018), que utiliza el servicio Tensorflow (Abadi et al., 2016), y SpotLight
(Kula, 2017), que utiliza la libreria PyTorch (Paszke et al., 2017). Ambos
frameworks usan estos servicios para aplicar técnicas de Deep Learning para
sus sistemas recomendadores. El resto de frameworks de la Tabla 2.1 tienen
incluidos sus propios algoritmos de aprendizaje automatico.

La técnica menos utilizada por los frameworks de sistemas de recomen-
dacién es la basada en contenido. La mayoria de estos frameworks tiene
implementadas este tipo de técnicas como complemento a las técnicas de
filtrado colaborativo. Es el caso de Surprise (Hug, 2017), LightFM (Kula,
2015), LibRec (Guo et al., 2015) y MyMediaLite (Gantner et al., 2011). En
este analisis solo hemos encontrado un framework orientado exclusivamente a
la técnica de recomendacion basada en contenido: JCOLIBRI (Recio-Garcia
et al., 2014). Aunque este framework fue disefiado para la construccion de
sistemas CBR, los autores explican en Recio-Garcia et al. (2008) como uti-

Shttps://www.seldon.io
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lizar su framework para crear sistemas recomendadores. Ademas, como ya
explicamos en la Secciéon 2.1.1.2, el CBR nos permite crear un tipo concreto
de sistemas basados en contenido que son los recomendadores basados en
casos.

Otra caracteristica que podemos extraer de la mayoria de los frameworks
analizados es que estan orientados a usuarios que tienen un alto conocimien-
to en el desarrollo de aplicaciones con distintos lenguajes de programacion.
Por este motivo solo encontramos 2 frameworks que disponen de una interfaz
grafica para crear sistemas recomendadores. El primero de ellos es Predictio-
nlO (Chan et al., 2013) que permite personalizar un conjunto de plantillas
para crear sistemas recomendadores. El otro sistema es jCOLIBRI que cuen-
ta con una aplicacion llamada COLIBRI-Studio (Recio-Garcia et al., 2014)
que permite crear sistemas CBR usando una interfaz gréfica.

Una de las caracteristicas mas importantes desde el punto de vista de la
investigacion es que los frameworks permitan implementar nuevas técnicas
de recomendacién reutilizando los componentes que tienen. En la Tabla 2.1
podemos observar que solo la mitad de los frameworks analizados permiten
la implementacién de nuevas técnicas de recomendacién. En alguno de es-
tos casos, como Tensorrec, esta limitacién se debe a que utilizan un servicio
externo donde se ejecuta el algoritmo. Otros frameworks, como el ya citado
RecDB, estan orientados a crear sistemas recomendadores finales. Otra ca-
racteristica interesante cuando se construye un sistema recomendador es la
posibilidad de que los frameworks cuenten con herramientas para evaluar los
sistemas implementados. Por este motivo casi todo los frameworks cuentan
con esta caracteristica.

La dltima caracteristica analizada en los frameworks de la Tabla 2.1 es
determinar si cuentan con herramientas o métodos que permitan desplegar el
sistema de recomendacién para usarlo en aplicaciones finales. Como se puede
observar en la Tabla 2.1, solo 4 frameworks cuentan con esta posibilidad. Esto
se debe a la dificultad de generalizar los pasos para poder desplegar cualquier
sistema como aplicacién web y proporcionar un conjunto de servicios web que
permitan utilizar el sistema recomendador en aplicaciones externas.

2.4. Conclusiones del capitulo

En este capitulo, incluimos un anélisis que nos permitié conocer en que
estado se encuentra la investigacion de sistemas recomendadores. El primer
paso ha sido enumerar algunas de las técnicas mas comunes que se utilizan
en estos sistemas. Hemos observado que existe una gran cantidad de técnicas
y que cada una de ellas se utilizan en situaciones distintas. Un ejemplo
muy claro es que dependiendo de la informacién de los items o los usuarios
podremos usar técnicas de filtrado colaborativo o basadas en contenido. Esta
revision del estado del arte nos ha permitido definir las técnicas que podemos
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incluir en el modelo propuesto en esta tesis. En esta definicién se ha podido
definir las condiciones en las que se pueden aplicar las diferentes técnicas a
partir de la informacion que utilizaré el sistema recomendador final.

Ademaés de enumerar diversas técnicas de recomendacién, hemos encon-
trado algunos problemas que pueden ocurrir por falta de informaciéon en los
datos de entrada. Conocer estos problemas y ver cémo se pueden resolver nos
permiten enriquecer el modelo, anadiendo dependencias entre las técnicas de
recomendaciéon y los problemas detectados en los datos de entrada.

Por dltimo y antes de diseniar la plataforma basada en conocimiento
de esta tesis, era necesario conocer las caracteristicas que encontramos en
los frameworks més populares para construir sistemas recomendadores. Este
anélisis nos ha permitido definir un conjunto de caracteristicas que deberia
tener la plataforma propuesta. En el Capitulo 4, explicamos como las diferen-
tes herramientas de la plataforma intentan abarcar todas estas caracteristicas
y, ademas, aplican el modelo propuesto para ayudar a los desarrolladores en
la construccién de los sistemas de recomendacion. A pesar de este analisis,
no tenfamos suficiente informaciéon de las fases de desarrollo de un sistema
recomendador final. Por este motivo, en el préximo capitulo, describimos la
construcciéon de un sistema recomendador real como caso de estudio para
definir todas las fases en el desarrollo de este tipo de sistemas.



Capitulo 3

Estudio de la construccion de
un sistema recomendador

Para poder completar el objetivo principal de esta tesis doctoral, ha sido
necesario comprender los pasos de desarrollo de un sistema recomendador
complejo. Es decir, definir los pasos que debe seguir un desarrollador a la
hora de construir un sistema de recomendacién. Por este motivo, se definié
el objetivo O-2:

Objetivo 2 (0O-2)

Desarrollar un sistema recomendador que utilice informacién contex-
tual y que permita probar los conceptos que se anadiran en el modelo
tedrico.

Con este fin, se cre6 un sistema de recomendaciéon contextual en el do-
minio del turismo y ocio llamado Madrid Live. Este sistema recomendador
propone planes turisticos en Madrid a partir de las preferencias y la infor-
macién contextual de los usuarios y las actividades en el momento de la
recomendacion. Por otro lado, se han propuesto distintas soluciones para
cumplir con el objetivo O-3:

Objetivo 3 (0-3)

Desarrollar distintas soluciones al problema del cold-start en sistemas
recomendadores.

En este capitulo, detallamos los objetivos y las contribuciones asocia-
das al sistema recomendador Madrid Live. En primer lugar, la Secciéon 3.1
describe en detalle los objetivos definidos para Madrid Live. La Seccién 3.2
describe el sistema que se ha implementado para Madrid Live y un moédu-
lo para reconocer las emociones de los usuarios a partir de sus expresiones
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faciales. A continuacion, la Seccién 3.3 expone las distintas soluciones que
se han propuesto para resolver el problema del cold-start. Por dltimo, en
la Seccion 3.4 resumimos algunas de las conclusiones més importantes que
hemos obtenido trabajando con Madrid Live.

3.1. Objetivos planteados

Antes de desarrollar una plataforma que permita crear sistemas de re-
comendacién, es necesario comprender los pasos por los que debe pasar el
desarrollo de este tipo de sistemas. Para completar esta tarea, se definieron
dos objetivos especificos que se cubren en este capitulo.

Para el caso de estudio en sistemas recomendadores, decidimos desa-
rrollar un sistema de recomendacién contextual. La principal razén de esta
decisién fue que este tipo de sistemas, como se explica en la Seccién 2.1.2,
pueden implementarse a partir de un sistema recomendador clasico e incluir
la informacion contextual al modelo del sistema recomendador clasico. Por
lo tanto, implementar un sistema de recomendacién contextual nos permitio
conocer el desarrollo de un sistema clasico. Ademaés, el anélisis de siste-
mas recomendadores contextuales nos permite preparar la futura plataforma
para sistemas recomendadores més complejos como, por ejemplo, los reco-
mendadores sociales. Una vez decidido el tipo de sistema recomendador, era
necesario elegir el dominio al que se iba a aplicar. En este caso se decidi
aplicar el sistema recomendador al dominio del turismo. El motivo es que
este dominio tiene una gran cantidad de informacién contextual que puede
utilizarse en el sistema recomendador como, la localizaciéon del usuario o el
clima en un momento concreto, incluso, obtener el catidlogo de actividades
para recomendar es bastante sencillo gracias a la gran cantidad de recursos
abiertos que existen. Ademas, para este dominio se pueden encontrar un gran
nimero de trabajos a tener como referencia como se puede ver en Borras et
al. (2014).

Dentro de la tesis doctoral se definieron dos objetivos especificos orien-
tados al desarrollo de un sistema recomendador que agrupamos en este ca-
pitulo:

= El primer objetivo especifico fue desarrollar un sistema recomendador
contextual que devuelva planes turisticos a los usuarios a partir de
sus preferencias y la informaciéon de su entorno. Para completar este
objetivo se siguieron estas directrices:

e En primer lugar, el desarrollo del sistema recomendador tenia
que permitir evaluar la formalizacion del disefio y construccion
de un sistema recomendador. Para ello se siguieron los pasos de
desarrollo que se han extraido a partir del estudio que se ha hecho
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en el Capitulo 2. Esto nos permitié evaluar las etapas por las
que tenia que pasar el desarrollo de este tipo de sistemas y nos
permitié definir las fases por las que ha pasado la plataforma del
objetivo O-5.

e En segundo lugar, el desarrollo de este sistema recomendador de-
bia utilizar el disefio basado en componentes. Esto nos permitiria
probar componentes y funcionalidades que serian anadidas a la
plataforma inteligente. Esto esta relacionado con el estudio del
Capitulo 2 ya que es necesario comparar estas funcionalidades
con las existentes en otros tipos de sistemas recomendadores.

= Otro objetivo especifico que se defini6 es el objetivo O-3: encontrar
soluciones al problema del cold-start. Como se explico en el Capitulo 2,
el cold-start es el problema mas comtn que se encuentra en los sistemas
recomendadores. Para este objetivo, nos hemos centrado en soluciones
basadas en la gestion de la base de casos de sistemas CBR. Esta decisién
viene determinada por dos motivos. El primero porque este problema
también es muy comtn en sistemas CBR que no tienen un gran niimero
de casos almacenados. El otro motivo es que el sistema Madrid Live
utiliza un sistema CBR para buscar planes turisticos y recomendarlos.
Este objetivo se ha enfocado de dos maneras:

e Soluciones al problema del cold-start orientado al usuario. Esto
es, el sistema no tiene suficiente informacién del usuario para ob-
tener una buena recomendacion. En esta tesis doctoral las solu-
ciones que se proponen se centran en resolver los problemas para
reconocer el estado emocional de un usuario cuando no se tiene
informacién de este usuario anteriormente.

e Soluciones al problema del cold-start orientado a los items. El sis-
tema no tiene un catalogo inicial de items suficientemente grande
como para devolver recomendaciones satisfactorias para el usua-
rio. En esta tesis se propone obtener un catélogo inicial de items lo
suficientemente representativo para la mayoria de las preferencias
y restricciones contextuales.

Por dltimo, y aunque no era uno de los objetivos especificos propuestos
en esta tesis, este sistema recomendador nos permitié evaluar nuevas fun-
cionalidades como, por ejemplo, usar el estado emocional del usuario para
saber si la recomendacién propuesta por el sistema es satisfactoria.

Una vez que se conocen los objetivos propuestos para esta linea de tra-
bajo, en la siguiente seccién se explica el funcionamiento del sistema reco-
mendador contextual Madrid Live.
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Version Informacion Contextual Tipo de Actividades

Ti
1e'rn p(?/ Museos
Localizaciéon
a e Restaurantes
1% Uso de transporte piiblico
Parques
Presupuesto
. Paseos
Clima
Tipo de transporte Puntos de Interés
98 Duracion Eventos Temporales
Coste del plan Edificios embleméticos
Social Exposiciones
32 Turismo Accesible Actividades Accesibles

Tabla 3.1: Evoluciéon de la informaciéon contextual y el tipo de actividades
que se han ido incluyendo en las diferentes versiones de Madrid Live.

3.2. Madrid Live: un sistema recomendador turis-
tico

Madrid Live es una de las contribuciones a nivel de software de esta
tesis doctoral. Como se explica al comienzo del capitulo, Madrid Live es
un sistema recomendador de planes turisticos en Madrid. Este sistema de
recomendacion utiliza la informaciéon contextual del usuario a la vez que
sus preferencias sobre el tipo de actividades que le interesan. Los planes
recomendados en Madrid Live se representan como una lista de actividades
con un horario. En la Tabla 3.1 se muestra la informaciéon contextual y las
actividades turisticas incluidas en las distintas versiones de Madrid Live. La
primera version se encuentra en el Capitulo 9 (Jorro-Aragoneses et al., 2017b)
y la segunda version en el Capitulo 12 (Jorro-Aragoneses et al., 2018). Existe
una tercera versiéon que se ha propuesto como una linea de investigaciéon para
trabajar en un futuro y que esté explicado en el Capitulo 10.

El proceso de recomendacion se basa en un algoritmo CBR. La Figura 3.1
muestra coémo funciona el proceso de recomendacion en Madrid Live. El mo6-
dulo CBR almacena los planes que han realizado otros usuarios como casos
para obtener futuras recomendaciones. Cada uno de estos casos contiene dos
elementos: una descripcion y una solucion. La descripcién incluye un con-
junto de atributos que etiquetan los tipos de actividades que tiene el plan y
las restricciones contextuales de dicho plan. Por otro lado, la solucion es el
conjunto de actividades que realizé el usuario con el horario correspondiente.

Para obtener una nueva recomendacion, el médulo CBR recibe una con-
sulta que contiene los tipos de actividades preferidos por el usuario y su in-
formacion contextual. El sistema compara la consulta con las descripciones
de cada uno de los casos almacenados en el médulo CBR. La comparacion se
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Figura 3.1: Proceso del médulo CBR en el sistema recomendador Madrid
Live.

hace a través de una funcién de similitud que devuelve un valor entre 0 y 1.
Cuando la similitud entre la consulta y el caso se aproxima a 1, significa que
el caso contiene un plan que satisface las preferencias del usuario y se adapta
a la informacién contextual. En cambio, si la similitud entre la consulta y la
descripcién de un caso es 0 significa que no tienen ningtn atributo en comun.
Esta funcion de similitud se compone de un conjunto de funciones que com-
para cada atributo de la consulta con el correspondiente atributo del caso.
A continuacién, el médulo CBR recupera el caso con la méxima similitud y
que contiene un plan que el usuario no ha realizado anteriormente. La reco-
mendacién final se obtiene del plan almacenado como solucién de dicho caso.
Para conocer mas detalles del funcionamiento de Madrid Live y las funciones
de similitud que utiliza, se puede consultar el Capitulo 9 (Jorro-Aragoneses
et al., 2017b).

Ademas, en ese capitulo se analiza el problema al incluir la informacién
contextual en las funciones de similitud: los planes recuperados por el mo-
dulo CBR tienen menor similitud con respecto a las preferencias del usuario.
Como se explica en dicho capitulo, esto se debe a que cuanta més infor-
maciéon contextual se anade, més restricciones se imponen al plan que se
debe recomendar. Incluso, esta relacién no solo depende de la cantidad de
informacion contextual. En los experimentos se observa que existen algunos
atributos contextuales, como la localizacién, que influyen més en las restric-
ciones de los planes que se recuperan. Por este motivo, en ese capitulo se
propone un sistema de explicaciones para hacer entender al usuario por qué
un plan puede no satisfacer completamente sus preferencias.

En la siguiente seccién, se describen distintas soluciones que se han pro-
puesto para resolver un problema muy comun en los sistemas CBR y que se
ha encontrado en Madrid Live: el problema del cold-start.
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3.3. Soluciones para el problema del cold-start en
sistemas CBR

Como se explica en la Seccién 3.1, durante el desarrollo de esta tesis se ha
investigado el problema del cold-start en 2 vertientes: orientado al usuario y
orientado a los items. En el primero de los casos se hicieron propuestas para
resolver el problema de no tener suficiente informacién para un usuario, por
ejemplo, cuando un nuevo usuario empieza a usar este tipo de sistemas. En
el segundo caso se trabaja en el supuesto de que no exista un catalogo inicial
para hacer las recomendaciones, por ejemplo, no existan suficientes items que
cubran las distintas preferencias de usuarios. Cada uno de estos problemas
y las soluciones propuestas se explican a continuacion.

3.3.1. Cold-Start orientado a los usuarios

Una dificultad que se puede encontrar en un sistema recomendador es
no tener suficiente informaciéon del usuario. Por ejemplo, si un usuario no ha
realizado un suficiente ntimero de valoraciones, un sistema recomendador de
filtrado colaborativo no cuenta con la minima informacién para calcular una
recomendacion.

En esta tesis hemos estudiado el problema a partir de un médulo que
se anadié a Madrid Live. Este médulo obtiene las emociones de un usua-
rio a partir del gesto de su rostro. Este modulo se llama PhotoMood y su
primera version se explica en Lopez-de Arenosa et al. (2014). PhotoMood
tiene dos fases para detectar esta informacion: el preprocesado de la imagen
y el proceso CBR. En el preprocesado de la imagen se obtiene la posicién de
ocho gestos de la cara a partir de la imagen. El uso de ocho gestos fue una
primera mejora que se incluy6 en la publicacién de Jorro-Aragoneses et al.
(2014). Cada uno de estos gestos se representa con un vector que contiene
la posiciéon de los puntos mas representativos del gesto. A continuacion, esta
representacion del rostro se envia como consulta al proceso CBR del sistema.

En la Figura 3.2 se puede observar el funcionamiento del proceso CBR. El
sistema CBR contiene una base de casos con la representaciéon de imagenes
con los gestos del usuario y con una etiqueta de la emocién correspondiente.
Este sistema intenta detectar dos emociones basicas: Me gusta y No me gusta.
Usando una funcién de similitud se recuperaban los casos mas similares.
Finalmente, se calculaba la emocién del usuario a través de un sistema de
votacion con la emocién méas representada entre los casos recuperados. Este
modulo se utilizé en Madrid Live para saber si al usuario le gustan los planes
que se le recomendaban.

El objetivo principal que se complet6 en Jorro-Aragoneses et al. (2014)
era minimizar el error a la hora de detectar la emocién del usuario. Para
cumplir el objetivo se trabajé en dos aspectos del sistema de reconocimiento
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Figura 3.2: Funcionamiento del proceso CBR para detectar las emociones de
un usuario a partir de una imagen de su rostro.

de emociones. El primero de ellos trataba de asignar a cada gesto un peso.
Este peso se anadié a la funcién de similitud y cada peso indicaba cémo
de importante es ese gesto a la hora de detectar la emocién de un usuario.
Ademas, para cada usuario se realizdé un entrenamiento de los pesos para
obtener la configuracién que minimice el error en la deteccion de emociones
al usuario correspondiente. El segundo aspecto fue mejorar la base de casos
que se utilizaba en el sistema. Se trabajé con dos bases de casos: una base de
casos personal y una base de casos general. La base de casos personal conte-
nia inicamente representaciones de los gestos del propio usuario obtenidas a
partir de imAgenes anteriores. La base de casos general contenia representa-
ciones de usuarios anénimos obtenidas de bancos de imagenes piblicos. Los
resultados de esta publicacién mostraron que el sistema detectaba mejor las
emociones usando la configuracién de pesos personalizada a cada usuario y
con su respectiva base de casos. Sin embargo, los resultados obtenidos con
la base de casos general y una configuracién de pesos global son los suficien-
temente buenos como para usar esta opciéon como solucién al problema del
cold-start.

Posteriormente, se hizo una publicacién donde se describia totalmente el
sistema PhotoMood y, ademés, se hizo una evaluacién comparando Photo-
Mood con respecto otros sistemas de deteccién de emociones, como se des-
cribe en el Capitulo 11 (Jorro-Aragoneses et al., 2015). En esta evaluacion se
compard el error del sistema PhotoMood con respecto otros sistemas usando
un dataset especifico para la evaluacion de este tipo de sistemas. Ademas, de
un dataset especifico, fue necesario reconocer més emociones. Los primeros
resultados mostraron que el error de reconocimiento de emociones en Pho-
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toMood es mayor que el de los sistemas comparados. Este incremento en el
error se debia a la confusiéon de emociones que tenia PhotoMood como, por
ejemplo, enfado y disgusto. Sin embargo, el sistema PhotoMood se utiliza en
un sistema recomendador y no es necesario reconocer tantas emociones. Por
este motivo, se agruparon todas las emociones para que el sistema reconocie-
ra tres: Sorpresa, Me gusta y No me gusta. Por ello, se propuso separar las
imégenes del dataset en distintas bases de casos. Cada una de estas se clasi-
fica a partir de un conjunto de caracteristicas. A PhotoMood se le anade un
paso previo donde, dependiendo de las caracteristicas del usuario, se selec-
ciona la correspondiente base de casos. Esta configuracion es la que devuelve
mejores resultados.

Por lo tanto, a partir de estos resultados se observa que el uso de una
base de casos con representaciones anénimas de usuarios permite obtener
resultados buenos cuando nos encontramos con el problema del cold-start.
Incluso, se pueden generar diversas bases de casos a partir de la clasificacién
de las caracteristicas de un usuario. En este caso, estas caracteristicas se
podian obtener de las imagenes almacenadas. Sin embargo, esta solucién se
podria extrapolar a otros tipos de datos como, por ejemplo, a partir de los
datos que se obtienen en un test de preferencias. Esta informacién podria
permitirnos clasificar a un usuario y usar una base de casos con usuarios del
mismo tipo para generar recomendaciones.

3.3.2. Cold-Start orientado a los items

Otro problema en el que se trabajé durante el desarrollo de esta tesis fue
el del cold-start aplicado al catélogo de items. Este problema aparece cuando
no se tienen suficientes items para recomendar. También se investigd en el
sistema Madrid Live. El objetivo era poder crear un conjunto de planes que
sirva, como base de casos inicial para el sistema recomendador Madrid Live.
Una solucién es la que se presenta en el Capitulo 12 (Jorro-Aragoneses et
al., 2018) donde se propone una metodologia que permite crear esta base de
casos inicial. Esta metodologia se expone a continuacion.

En el caso concreto de Madrid Live, existen dos caracteristicas impor-
tantes que se deben respetar en esta base de casos inicial. La primera de las
caracteristicas es que estén representadas un gran ntmero de restricciones
contextuales y cubran un gran ntimero de situaciones. La segunda caracteris-
tica es que estos planes deben tener una légica en el orden de las actividades.
Una de las ventajas de usar planes reales que han hecho otros usuarios es
que son validados por esos usuarios. Al usar estos planes se incorpora un
conocimiento implicito que no se tiene que modelar, ya que esté incluido en
esos planes.

Dadas estas restricciones, se propuso una metodologia de generacién de
planes pseudo-aleatorios que, a continuacién, son validados por un conjunto
de usuarios. En el primer paso se generaron 300 planes turisticos, a los que se
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les asignaba unas restricciones contextuales que debian cumplir. Estos pla-
nes se generaban anadiendo actividades de forma aleatoria de un catalogo
obtenido del Ayuntamiento de Madrid y respetando las restricciones contex-
tuales. Con este paso se tienen suficientes planes para multiples restricciones
contextuales.

El siguiente paso es validar esos planes para que sean logicos. Para ello,
se organizé una evaluacién con usuarios en el que se valoraban qué planes
eran mejores. Para esta evaluacion se utilizé un test Elo (Elo, 1987). En este
test se les mostraban a los usuarios 2 planes diferentes, pero con las mismas
restricciones contextuales. Entonces el usuario selecciona el plan que mas le
guste. Con esos votos, se genera el ranking Elo con los 300 planes turisticos.
Los planes con las mejores posiciones en el ranking serian planes aceptables
para anadir en la base de casos inicial.

A partir de los resultados, se determiné que alrededor del 50 % de los casos
generados se podian utilizar en la base de casos inicial. La primera razén de
esta conclusion era que esos planes obtuvieron una puntuacién positiva en
el ranking Elo. Esto significa que estos planes eran mas atractivos para los
usuarios que el resto de los planes propuestos. Por otro lado, se midi6 la
cobertura y la densidad de la base de casos. Ambas medidas permitieron
conocer la probabilidad que existe de encontrar una solucién en esa base de
casos a nuevos problemas. En ambas medidas se observd que sustituyendo
algunas actividades de los planes se podian resolver una gran cantidad de
recomendaciones. Este sigue siendo un buen resultado teniendo en cuenta
que los planes cuentan con actividades temporales que deben ser sustituidas
para nuevas recomendaciones como, por ejemplo, conciertos que no se repiten
en la nueva recomendacion.

Esta forma de adquirir conocimiento permitié obtener un conjunto de
items que representen gran parte de las futuras recomendaciones. Ademas, la
utilizacion del test Elo permitio filtrar aquellos items que no deben incluirse
en el catdlogo por no tener loégica o no ser atractivos.

Una de las conclusiones que obtuvimos de los anteriores resultados es
la necesidad de anadir una fase de adaptacion en las recomendaciones de
Madrid Live. Esta fase de adaptacion debia sustituir aquellas actividades
que no deben aparecer en las recomendaciones. Esta linea se propuso como
trabajo futuro de Madrid Live y la describimos en las Seccion 5.2.

3.4. Conclusiones del capitulo

En este capitulo hemos presentado Madrid Live, un sistema recomenda-
dor de planes turisticos en Madrid. La principal caracteristica de Madrid
Live es que utiliza la informacién contextual para recomendar planes turis-
ticos a los usuarios en tiempo real. Como hemos explicado en la Seccién 3.1,
este sistema nos ha permitido comprender las distintas fases de desarrollo de
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un sistema recomendador, desde definir los datos de entrada hasta aplicar
diferentes soluciones al problema del cold-start.

Gracias a este sistema, hemos podido proponer una metodologia de desa-
rrollo, como se explicaré en la Seccién 4.3.1, para la construccion de sistemas
recomendadores y, a partir de este caso de estudio, hemos podido probar di-
ferentes técnicas de recomendacién y otros moédulos que se han incluido en
la version final del modelo para nuestra plataforma. En el siguiente capitulo,
describiremos el resultado final de nuestra tesis a partir del estudio tedrico
(Capitulo 2) y practico (Capitulo 3) de los sistemas recomendadores.



Capitulo 4

Plataforma para construir
sistemas recomendadores

En los capitulos anteriores se ha descrito los objetivos especificos previos
que nos permitian cumplir el objetivo principal de esta tesis doctoral: desa-
rrollar una plataforma basada en conocimientos que guie a los usuarios en el
desarrollo de sistemas recomendadores. En este capitulo nos centraremos en
los objetivos especificos enfocados al diseno y desarrollo de esta plataforma.
El primero de estos objetivos es el O-4:

Objetivo 4 (0-4)

Crear un modelo tedrico basado en componentes que describa la cons-
truccion de los sistemas recomendadores y plasmarlo en una ontologia
para utilizarlo en la plataforma del objetivo O-5.

La principal aportacién de este objetivo fue RECONTO, una ontologia
que define los componentes que existen en los sistemas recomendadores y
como se relacionan entre si. Este modelo nos permitié completar el objetivo
especifico O-5:

Objetivo 5 (O-5)

Desarrollar una plataforma que ayude en el diseno, implementacién
y despliegue de los sistemas recomendadores basdndose en el modelo
obtenido en el objetivo O-4.

Como resultado se ha creado RECOLIBRY SUITE, una plataforma que
incluye una metodologia de desarrollo y un conjunto de herramientas para
crear sistemas recomendadores y que estd orientado a multiples perfiles de
usuarios.

Este capitulo describe en detalle los objetivos y las contribuciones enfo-

41



42 CAPITULO 4. Plataforma para construir sistemas recomendadores

cadas a la construcciéon de todas las herramientas de la plataforma RECO-
LiBRY SUITE. En la Seccién 4.1 se detallan los objetivos que se plantearon
para la construccién de la plataforma. A continuacion, en la Seccion 4.2, se
expone la ontologia que describe la construcciéon de un sistema recomendador
y de los componentes que pueden utilizarse. En la Seccién 4.3 se describe la
metodologia de construcciéon propuesta en RECOLIBRY SUITE y, ademas, ca-
da una de las herramientas que componen la plataforma RECOLIBRY SUITE:
RECOLIBRY-CORE, RECOLIBRY-STUDIO y RECOSERVER.

4.1. Objetivos planteados

Una vez que hemos estudiado el dominio de los sistemas recomendadores
-Capitulo 2- y se ha desarrollado un sistema recomendador complejo como
caso de estudio -Capitulo 3- ya se tenia suficiente informacién en el proceso
de diseno y desarrollo de este tipo de sistemas. El siguiente paso en esta tesis
doctoral fue plantear los objetivos especificos orientados a la construccién
de una plataforma basada en conocimiento para ayudar a los usuarios en la
creacion de un sistema recomendador. Para ello, se plantearon 2 objetivos
especificos. El primero de ellos orientado al proceso de diseno de un sistema
recomendador. El segundo orientado al desarrollo de la plataforma de desa-
rrollo que permita instanciar dicho proceso. A continuacién, se describen en
detalle cada uno de estos objetivos:

s El objetivo especifico O-4 era crear un modelo teérico que describiese
la construccién de sistemas recomendadores. Este modelo tenia que
describir las reglas que seguiria la plataforma inteligente del objetivo
O-5. Por esta razon, el modelo tedrico resultante debia cumplir las
siguientes caracteristicas:

e La primera caracteristica del modelo era que tenia que estar ba-
sado en componentes. Es decir, el modelo debia dividir el compor-
tamiento total de los sistemas recomendadores en funcionalidades
més especificas. Estas funcionalidades se encapsularian en com-
ponentes. Cada uno de estos componentes tendrian definidos el
tipo de entrada que esperan y la salida que devolverian.

e La segunda caracteristica era que deberia definirse un conjunto de
dependencias que regulen cémo se deberian unir los componentes
definidos anteriormente. Este conjunto de reglas deberia indicar
qué componentes son necesarios para construir un sistema reco-
mendador. Por otro lado, el conjunto de reglas también tenia que
definir las incompatibilidades que existan entre componentes.

e Por ultimo, la representacién del modelo tenfa que poder ser ins-
tanciado en la plataforma de desarrollo. Era necesario que se bus-
case una representaciéon donde la plataforma pudiese consultar
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el conjunto de reglas y, asi, guiar a los usuarios en el diseno y
desarrollo de sistema recomendadores.

= Kl segundo objetivo especifico era el objetivo O-5, desarrollar una
plataforma inteligente que guie a los usuarios en la construccién de
sistemas recomendadores. Esta plataforma debia basarse en la cons-
trucciéon de los sistemas de recomendaciéon en el modelo teérico creado
en el objetivo O-4. Para esta plataforma también se definieron unas
caracteristicas que se tenian que cumplir:

Completa La plataforma debia contener la mayoria de los algoritmos
que se utilizan actualmente en sistemas recomendadores.

Extensible La plataforma debia permitir que los usuarios puedan in-
cluir nuevos algoritmos y que estos algoritmos fuesen reutilizables
en el modelo.

Flexible Cada uno de los componentes debia incluir un conjunto de
pardmetros que permitan ajustar su comportamiento en los dis-
tintos algoritmos.

Adaptado al usuario La plataforma debia ajustarse a los distintos
conocimientos técnicos que tendrian los usuarios. Por ejemplo,
era necesario hacer herramientas visuales para usuarios con pocos
conocimientos de desarrollo.

Autocontenido Para la construccion de sistemas recomendadores so-
lo se debia utilizar los recursos de la propia plataforma. Los sis-
temas creados con esta plataforma no tenian que necesitar otros
frameworks externos.

En esta tesis doctoral se expone una contribuciéon por cada uno de los
resultados obtenidos para cada objetivo:

= A partir del objetivo O-4 se cre6 RECONTO: una ontologia que definia
la construccién de los sistemas recomendadores usando componentes.
Esta contribucion se explica en la Secciéon 4.2.

= La plataforma RECOLIBRY SUITE es la contribucién al objetivo O-5.
Esta plataforma estd compuesta por 3 herramientas que facilitaban el
disenio y desarrollo de sistemas recomendadores. La Seccion 4.3 describe
la plataforma RECOLIBRY SUITE y las herramientas que lo componen.

4.2. Modelo teérico para construir sistemas reco-
mendadores

Como se explica en Szyperski (2000), el disefio de software basado en
componentes reduce el coste de desarrollo de sistemas complejos. Esto se
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debe principalmente a dos razones (Heineman y Councill, 2001): primero
porque se consigue que los componentes se reutilicen en miltiples sistemas;
y segundo porque cada componente se centra en una funcionalidad concreta
del sistema y, como consecuencia, facilita su desarrollo. Después del estudio
que se ha hecho en la literatura sobre sistemas recomendadores, ver Capitulo
2, se pudo observar que muchos de estos sistemas se podian descomponer en
funcionalidades mas especificas y podian ser reutilizadas entre distintos siste-
mas de recomendaciéon. Por ejemplo, la funcionalidad de gestionar los datos
del usuario o generar una consulta para el sistema recomendador. Por este
motivo, una de las contribuciones en esta tesis doctoral fue crear un mode-
lo tedrico que describiese el funcionamiento de los sistemas recomendadores
usando componentes y definiendo la relacion entre ellos.

El resultado fue RECONTO, una ontologia que describia semanticamen-
te los distintos componentes que integran un sistema recomendador y el
conjunto de reglas légicas que definian la relaciéon entre los componentes.
RECONTO organiza la terminologia encontrada en la literatura sobre siste-
mas de recomendacién y, como consecuencia, nos permitia crear un lenguaje
comiin donde estaban definidos todos los elementos existentes en las diversas
técnicas de recomendacion. Ademas, esta terminologia era independiente a
los miltiples dominios donde se podian aplicar estos sistemas. RECONTO es-
ta representado usando el Lenguaje Web de Ontologias (OWL-DL del inglés
Ontology Web Language). La representacion en OWL-DL permite que otras
aplicaciones externas puedan hacer consultas sobre el modelo representado,
cumpliendo la tercera caracteristica que se proponian en el objetivo O-4, ver
Seccion 4.1. El desarrollo de este modelo se ha completado en 2 etapas:

1. En la primera etapa se han identificado todos los componentes que
se aplican en las distintas técnicas de recomendacién. Para ello, se ha
separado todo el funcionamiento de cada una de estas técnicas en un
conjunto de funcionalidades atémicas, es decir, funcionalidades que ya
no se pudieran descomponer en otras mas especificas. Por cada una de
estas funcionalidades se ha definido un componente.

2. En la segunda etapa se ha trabajado en describir como se construye
un sistema recomendador baséndonos en la unién de los componentes
definidos en la etapa anterior. Para ello, se estudié como se enlazan
cada uno de los componentes del modelo con los demas. A partir de
este estudio, se definieron un conjunto de dependencias por cada com-
ponente. Estas dependencias definfan cuales de estos componentes son
necesarios en un sistema recomendador, y las compatibilidades o in-
compatibilidades a la hora de unirlos.

Durante el desarrollo de esta tesis doctoral, RECONTO ha tenido dos
versiones. La primera version se describe en detalle en el Capitulo 13 (Jorro-
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Aragoneses et al., 2017a). En esta version, el modelo representaba los siste-
mas de recomendaciéon de una forma mas tedrica. Esto hizo que se utilizaran
muchos términos que anadian demasiada complejidad a la hora de clasificar
los componentes. Un ejemplo muy claro son las categorias fundamentales
de los datos como se ve en dicho capitulo. Para evaluar este sistema, se
clasifica un sistema de recomendacién contextual en el dominio de la salud
usando el modelo descrito en RECONTO. Esta versiéon nos permitié tener
una definicién muy concreta de todos los elementos que se encuentran en un
sistema recomendador. Sin embargo, en la versiéon presentada en el Capitu-
lo 15 (Jorro-Aragoneses et al., 2020), se hizo una revisién para simplificar
el modelo y ajustarlo para su integraciéon en las herramientas de RECOLI-
BRY SUITE. Esta segunda version se centrd en el proceso de diseno del sistema
recomendador. Por este motivo, se eliminaron algunos términos confusos y
se modifico el conjunto de reglas para definir el orden en el que se tienen que
elegir los componentes a la hora de crear un sistema recomendador.

Por dltimo, en esta segunda versiéon se trabajé mucho en las reglas que
describian cémo unir los diferentes componentes. Para ello se utilizo Ldgica
Descriptiva (DL del inglés Description Logics). Con esta modificacion las
herramientas de la plataforma RECOLIBRY SUITE podrian realizar consultas
al modelo para saber que técnicas de recomendaciéon se pueden utilizar a
partir de los componentes ya seleccionados anteriormente. El modelo definido
en esta segunda version fue el que se utilizo en las distintas herramientas de
RECOLIBRY SUITE. Actualmente. RECONTO se encuentra en un repositorio
piblico de GitHub! para su consulta o extension. Ademés, esta ontologia
se puede visualizar desde la herramienta WebVOWL de la pagina web del
grupo GAIAZ.

4.3. RECOLIBRY SUITE

El proceso de construccién de un sistema recomendador estd compuesto
por un conjunto de tareas complejas en las que se deben tomar decisiones
técnicas sobre el disenio y desarrollo. En el disefio de un sistema de recomen-
dacioén, es necesario que el diseiador tenga un gran conocimiento de este tipo
de sistemas, y conozca qué técnicas puede aplicar segin la informacién de la
que dispone. Por otro lado, debido a la gran cantidad de frameworks y sus
distintas caracteristicas (ver Capitulo 2) el desarrollador debe adaptar sus
conocimientos técnicos al framework seleccionado. Por estas razones, el ob-
jetivo principal de esta tesis doctoral (O-5) era crear una plataforma basada
en conocimiento que ayude a diseniadores y desarrolladores en la construcciéon
de los sistemas de recomendacion.

El resultado de este objetivo ha sido RECOLIBRY SUITE, una metodologia

Thttps://github.com/UCM-GAIA /RecOnto
2http://gaia.fdi.ucm.es/ontologies,/ #reconto
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Figura 4.1: Arquitectura de RECOLIBRY SUITE

de desarrollo y un conjunto de herramientas que facilitan el diseno, la imple-
mentacién y el despliegue de sistemas recomendadores. RECOLIBRY SUITE
estd compuesto por 3 herramientas como se muestra en la Figura 4.1. La
primera de ellas es RECOLIBRY-CORE, un framework orientado a objetos en
JAVA que implementa los componentes identificados en el modelo tedrico y
la arquitectura necesaria para combinarlos. La segunda herramienta es RE-
COLIBRY-STUDIO, una aplicacién web que, a partir de una interfaz visual,
ayuda a los usuarios en los pasos necesarios para la creacién de un sistema
recomendador. La tercera herramienta es RECOSERVER que se encarga de
desplegar en un servidor web los sistemas de recomendacién creados con las
herramientas anteriores.

A continuacién, explicaremos en detalle la metodologia de construccion
de sistemas recomendadores y cada una de las herramientas que componen
RECOLIBRY SUITE.

4.3.1. Metodologia para construir sistemas recomendadores

El proceso de desarrollo de sistemas recomendadores con RECOLIBRY SUI-
TE se compone de 4 pasos, como se muestra en la Figura 4.2. Estos pasos
son: definir el conocimiento que utilizara el sistema recomendador; definir
las entradas y salidas de informacién; seleccionar el algoritmo de recomen-
dacién y desplegarlo para que se pueda utilizar. Estos pasos estan descritos
en detalle en el Capitulo 15 (Jorro-Aragoneses et al., 2020):

1. Conocimiento. El primer paso consiste en definir que informaciéon
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Figura 4.2: Flujo de trabajo en RECOLIBRY SUITE para desarrollar un siste-
ma de recomendacion

va a utilizar el sistema recomendacion. A este conjunto de datos se le
denomina Conocimiento.

2. Entrada/Salida. A continuacion, es necesario definir que datos de
entrada tendremos para cada recomendacién y como es la salida que
espera el usuario.

3. Algoritmo. A partir de los pasos 1 y 2, se utiliza el modelo RECONTO
para buscar aquellos algoritmos que son compatibles con la informacion
proporcionada.

4. Despliegue. El iltimo paso consiste en desplegar el sistema recomen-
dador final para que pueda ser utilizado por los usuarios finales.

Como se puede ver, estos pasos estan cubiertos por todas las herramientas
que componen RECOLIBRY SUITE. Los tres primeros pasos de la metodologia
estan soportados tanto por RECOLIBRY-CORE si el usuario quiere utilizar los
componentes programaticamente, como por RECOLIBRY-STUDIO si prefiere
utilizar la interfaz grafica. Esto dependera de los conocimientos técnicos del
desarrollador. Si el desarrollador es experto en el desarrollo de este tipo
de sistemas, puede utilizar RECOLIBRY-CORE combinando los componentes
que ya existen a partir de frameworks de terceros como Mahout, Lenskit
o jCOLIBRI o, incluso, creando nuevos componentes. Por otro lado, si el
usuario no es experto en el desarrollo de software, puede utilizar RECOLI-
BRY-STUDIO. En este caso, la herramienta le va guiando en los pasos que
hemos visto antes para construir su sistema recomendador. RECOLIBRY-
STUDIO utiliza como fuente de conocimiento la ontologia RECONTO para
comprobar los pasos que va siguiendo el disenador. Finalmente, RECOSER-
VER despliega de forma automética el sistema que se haya creado con las
herramientas anteriores. RECOSERVER se encargard de crear una instancia
del sistema de recomendacién y generar un conjunto de servicios web que
permitan ejecutar las distintas funciones del sistema recomendador.
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Figura 4.3: Diagrama de clases con la arquitectura principal de RECOLIBRY-
CORE

4.3.2. RECOLIBRY-CORE: framework basado en componentes
para la construccion de sistemas recomendadores

La herramienta de més bajo nivel es RECOLIBRY-CORE. Este es un fra-
mework en JAVA que implementa todos los componentes que se han definido
en el modelo descrito en RECONTO. Ademés, RECOLIBRY-CORE se encar-
ga de implementar la arquitectura para poder combinar los componentes y
construir los sistemas recomendadores finales.

La arquitectura de RECOLIBRY-CORE se centra en implementar las fun-
cionalidades béasicas para el correcto funcionamiento de un sistema recomen-
dador. Estas funcionalidades basicas son: inicializar el sistema recomenda-
dor, obtener una recomendacién a partir de una consulta, cerrar el sistema
de forma segura. La Figura 4.3 muestra el diagrama UML con las clases que
definen el esquema principal de un sistema recomendador en RECOLIBRY-
CORE. El componente principal es la clase RecommenderSystem. Esta clase
define un sistema recomendador se compone de los siguientes elementos:

= RecommenderAlgorithm: Esta interfaz define los métodos que son ne-
cesarios implementar en un algoritmo de recomendacién para poder
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integrarlos en RECOLIBRY-CORE. Estos métodos son las funcionalida-
des basicas que deben tener los sistemas recomendadores.

= Query: Esta interfaz define la estructura que deben tener las consultas
que reciba el sistema recomendador. Esta interfaz gestiona las consultas
usando objetos beans que contienen los atributos de las consultas y
métodos para acceder y modificar esos atributos.

= RecommenderResult: Esta clase almacena los resultados generados por
el sistema recomendador. Esta clase contiene dos atributos: el item
recomendador y un valor de recomendacion, que dependiendo del al-
goritmo este valor sera diferente.

A la hora de implementar los distintos componentes se tom6 la decision
de encapsular las funcionalidades que existian en otros frameworks, ya que
el objetivo no era implementar nuevas técnicas sino reutilizar componentes
que ya existian. RECOLIBRY-CORE serviria para encapsular los elementos
de otros frameworks adaptandolos al modelo que habiamos disenado. Para
esta version de RECOLIBRY-CORE, se adaptaron los elementos de los fra-
meworks Mahout (Schelter y Owen, 2012), con técnicas de recomendacion
colaborativa, y JCOLIBRI (Recio-Garcia et al., 2008), con técnicas de re-
comendacién basadas en contenido. De cualquier modo, RECOLIBRY-CORE
permite la implementacién de nuevos componentes y sobrescribir componen-
tes ya existentes.

Otra caracteristica que se queria incluir en RECOLIBRY-CORE es que
los sistemas de recomendacion se pudiesen construir a partir de un fichero
de configuracién. Es decir, un fichero de configuracién en el que se espe-
cificara qué componentes y configuraciéon tendria el sistema recomendador
a construir. Esto permitiria crear los sistemas recomendadores usando una
interfaz grafica. Por este motivo, se aplico el patron de inyeccion de depen-
dencias (Prasanna, 2009) en RECOLIBRY-CORE. El patron de inyeccion de
dependencias es un patréon basado en objetos que cumple dos caracteristicas
importantes para nuestro desarrollo. En primer lugar, se define un esquema
de como se tienen que unir los diferentes objetos de un sistema. En nuestro
caso, nos permitia definir una plantilla comin para todos los sistemas reco-
mendadores. En segundo lugar, este patréon cuenta con una clase proveedora.
llamada RecommenderSystemFactory que se encarga de generar los objetos
que necesite el sistema y ensamblar todo para ejecutar una instancia del
sistema final. Para aplicar este patron se utilizo la libreria de Google Gui-
ce (Vanbrabant, 2008). Esta libreria incluye un conjunto de anotaciones al
lenguaje JAVA que permite definir como combinar los objetos de distintas
clases. A partir de este patron se implementaron las dos formas que existen
para crear un sistema recomendador: implementando el c6digo necesario,
usando la clase RecSysConfiguration, o a partir de un fichero de configu-
racion ejecutando los métodos de la clase JsonRecSysConfiguration.
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RECOLIBRY-CORE esté accesible para su uso bajo licencia GPL versiéon
3.0. El codigo es accesible a través de un repositorio ptiblico en GitHub? que,
ademaés, contiene un manual de usuario donde se describe cémo construir un
sistema recomendador. Por otro lado, existe otro repositorio que contiene
un conjunto de ejemplos de sistemas recomendadores creados con RECOLI-
BRY-CORE. Cada uno de los ejemplos esté construido usando un fichero de
configuracién y un proyecto en JAVA. Esta herramienta se describe con més
detalle en el Capitulo 14 (Jorro-Aragoneses et al., 2019) y el Capitulo 15
(Jorro-Aragoneses et al., 2020).

4.3.3. RECOLIBRY-STUDIO: herramienta para disenar sistemas
recomendadores

La segunda herramienta de RECOLIBRY SUITE esta orientada a usuarios
que no tienen un nivel alto en el desarrollo de software. Esta herramienta
es RECOLIBRY-STUDIO, una aplicacion web que permite el diseno de un
sistema recomendador a través de una interfaz grafica. RECOLIBRY-STUDIO
cuenta con un asistente inteligente, basado en las consultas que se realizan
a la ontologia, que guia al diseiador a la hora de elegir el algoritmo de
recomendacion. Ademas, esta herramienta comprueba si los componentes que
ha seleccionado el disenador pueden combinarse. Para guiar al disenador, RE-
COLIBRY-STUDIO realiza distintas consultas a la ontologia RECONTO para
comprobar que se respeta el modelo propuesto.

Como se explica en detalle en la Seccion 4.3.1 y en el Capitulo 15 (Jorro-
Aragoneses et al., 2020), RECOLIBRY-STUDIO divide el diseno del sistema
de recomendacién en 4 pasos. Estos pasos se basan en la metodologia de
desarrollo propuesta en RECOLIBRY SUITE que en el caso de RECOLIBRY-
STUDIO se implementa:

1. Definiendo la fuente de conocimiento. El primer paso es indicar a RE-
COLIBRY-STUDIO la informacién que va a utilizar el sistema recomen-
dador. Para ello, el diseiador puede agregar un conjunto de datos don-
de estén representados los items, los usuarios y/o las valoraciones.

2. Disenando la consulta. A continuacion, el disenador seleccionara la
informaciéon que se introducird a la consulta que se haga al sistema
recomendador. Esta informacion se basaré en los atributos que se han
anadido en el paso anterior.

3. Disenando la salida. El siguiente paso del diseniador es indicar qué
tipo de salida quiere del sistema recomendador. RECOLIBRY-STUDIO

3https://github.com/UCM-GAIA /RecoLibry-Core
“https://github.com/UCM-GATA /RecoLibry-Examples
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permite obtener distintos tipos de salida como una lista de items re-
comendados o la estimacion de valoracién que un usuario dard a un
item.

4. Seleccionando el algoritmo. A partir de la informacién que ha intro-
ducido el diseniador en los pasos anteriores, RECOLIBRY-STUDIO lanza
una consulta a la ontologia para obtener una lista de los algoritmos
que se pueden utilizar. Esta lista se le mostrara al disenador para que
seleccione el algoritmo final que quiere utilizar.

Una vez que el diseniador ha completado todos los pasos, RECOLIBRY-
STUDIO permite descargarse el diseno en un fichero de configuraciéon. Con
este fichero, el disenador puede ejecutar localmente el sistema recomendador
usando el framework RECOLIBRY-CORE. Otra opcién que da RECOLIBRY-
STUDIO es que el sistema recomendador se despliegue automaticamente en
RECOSERVER, como se explica a continuacion.

4.3.4. RECOSERVER: despliegue automatico de sistemas reco-
mendadores

La tltima herramienta en RECOLIBRY SUITE es RECOSERVER. Cémo se
explica en el Capitulo 15 (Jorro-Aragoneses et al., 2020), el principal objetivo
de esta herramienta era automatizar el despliegue de sistemas recomendado-
res creados por RECOLIBRY-CORE 0 RECOLIBRY-STUDIO. Esta herramienta
se encarga de dos tareas a la hora de generar un sistema recomendador:

= Crear una aplicacién de ejemplo donde se pueda ejecutar el sistema
recomendador a través de una interfaz visual sencilla. Esta aplicacién
permite a los usuarios probar el sistema que han disenado y comprobar
posibles errores en la selecciéon del algoritmo.

= Crear una interfaz que permita a aplicaciones externas poder usar cada
una de las funcionalidades del sistema recomendador. Para crear esta
interfaz, RECOSERVER activa un conjunto de servicios web donde cada
uno de ellos pertenece a una funcionalidad concreta. Para crear esta
interfaz se utiliza el estandar REST (Masse, 2011) (del inglés Repre-
sentational State Transfer — Transferencia de Estado Representacional)
que define el protocolo web que hay que seguir para cada uno de los
servicios web.

El despliegue de cada sistema recomendador se hace a través de la tecnologia
Docker (Merkel, 2014). Los Docker o contenedores son una version ligera de
una maquina virtual. Cada uno de estos contenedores contiene tnicamente
los servicios del sistema operativo que va a necesitar la aplicaciéon desplegada.
Los sistemas recomendadores que se despliegan se encuentran en su propio
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Figura 4.4: Comparacion del tiempo estimado de diseno (arriba) y de imple-
mentacion (abajo) de un sistema recomendador con cada framework.

contenedor. Una vez que se ejecutan, RECOSERVER genera una URL tnica
para que los usuarios puedan acceder a la API y la aplicacién web del sistema
recomendador que han creado. Los detalles de esta herramienta se pueden
ver en el Capitulo 15 (Jorro-Aragoneses et al., 2020).

4.4. FEvaluacion de RECOLIBRY-STUDIO

Esta herramienta fue evaluada con usuarios reales para comprobar su
facilidad de uso con respecto a otras herramientas. En el Capitulo 15 se
explica el experimento que se realizd6. En este experimento participaron 32
usuarios con un nivel basico en el desarrollo de aplicaciones. A estos usuarios
se les explicd como desarrollar un sistema recomendador de peliculas con 3
frameworks diferentes: Mahout, JCOLIBRI y RECOLIBRY-STUDIO. Después
realizaron un cuestionario en el que debfan indicar cuédnto creen que tardarian
en crear un sistema recomendador con cada uno de los frameworks y cuél de
ellos habian comprendido mejor.

Uno de los objetivos que se plante6 para RECOLIBRY-STUDIO es incre-
mentar la eficiencia a la hora de implementar y desarrollar sistemas reco-
mendadores. Basandonos en las respuestas que se muestran en la Figura 4.4,
podemos observar que segtn la percepciéon de los usuarios RECOLIBRY-STU-
DIO podria reducir el tiempo de disefio y desarrollo de sistemas recomenda-
dores. En el disenio de sistemas recomendadores, el 28,1 % de los usuarios
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Figura 4.5: Comparacion de la dificultad de comprender (arriba) y de crear
(abajo) un sistema recomendador con cada framework.

consideran que tardarfan menos de un dia y, sin embargo, solo el 6.2% de
los usuarios consideran que tardarian menos de un dia con Mahout. Estos
resultados también se reflejan en la implementacion de los sistemas recomen-
dadores, donde el 21,9 % de los usuarios consideran que tardarian menos de
un dia, mientras que con Mahout este porcentaje baja hasta el 3,1 %. Aun-
que estos resultados son estimaciones de los usuarios, podemos extraer que
RECOLIBRY-STUDIO puede incrementar la eficiencia a la hora de crear un
sistema recomendador.

Otro de los objetivos que se pretendia conseguir con RECOLIBRY-STUDIO
es que los usuarios comprendan mejor como se construye y funciona un siste-
ma recomendador. Segin los resultados que se muestran en la Figura 4.5, los
usuarios consideran a Mahout el framework mas sencillo para entender co-
mo funciona un sistema de recomendacion (56,6 %), seguido de RECOLIBRY-
STUDIO con un 46,9 % vy, en tercer lugar, jColibri con un 25 %. Este resultado
puede deberse a que estamos comparando un framework (Mahout), donde
los usuarios ven cémo se programa un recomendador, con una aplicacién con
interfaz grafica (RECOLIBRY-STUDIO) donde se encapsula la construccion
del sistema y pueden no comprenderlo correctamente. Por otro lado, a los
usuarios se les pregunt6 la dificultad de crear otro sistema recomendador con
cada uno de estos frameworks. En este caso, RECOLIBRY-STUDIO es el que
mayor porcentaje de usuarios consideran que es facil o muy facil (37,5 %), se-
guido de Mahout (21,9 %) y de jCOLIBRI a 12,5 %. Este resultado confirma
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que segun la percepciéon de los usuarios, RECOLIBRY-STUDIO es la herra-
mienta mas sencilla para construir un sistema recomendador comparada con
los otros frameworks mostrados.

Todos estos resultados mostraron que RECOLIBRY-STUDIO facilita el pro-
ceso de disenio de los sistemas recomendadores. Sin embargo, esta evaluaciéon
basada en la opinién subjetiva de los usuarios incluye algunos detalles que
debemos analizar para mejorarla en un futuro.

4.4.1. Analisis de la evaluacion

El principal objetivo a la hora de disenar RecoLibry-Suite fue crear un
conjunto de herramientas para facilitar la construccién de sistemas reco-
mendadores. Estas herramientas usan un sistema semi-automaético de cons-
truccion basado en componentes siguiendo las dependencias definidas en la
ontologia RECONTO. Ademas, estas herramientas deben facilitar a los usua-
rios la comprension de la construccion de estos sistemas.

Existen muchas otras formas para evaluar nuestras herramientas y com-
pararlas con otras opciones. Una primera evaluacién puede consistir en reco-
pilar métricas basadas en tiempo. Por ejemplo, el tiempo que tarda un usua-
rio en desarrollar un sistema recomendador con cada uno de los frameworks.
Sin embargo, el uso de estas métricas podria no ser la mejor opciéon debido a
que una soluciéon rapida puede llevar a una solucién ineficaz en tareas como
la programacion (Fregkjeer et al., 2000). Por otra parte, esta evaluacion tiene
otro inconveniente. Este tipo de evaluacién requiere un conjunto de sujetos
con conocimiento técnico en el desarrollo de sistemas informaticos. Ademas,
este conjunto de sujetos deberia tener un nivel de conocimiento similar para
que el experimento fuese valido. Otro inconveniente en una evaluaciéon basa-
da en el desarrollo de sistemas recomendadores reales es que los usuarios no
pueden completar los desarrollos con cada uno de los frameworks en un solo
dia. Esto hace que existan factores como el cansancio o la motivaciéon que
desvirtie los resultados y la comparacion entre cada framework.

En nuestro caso, para salvar estas dificultades, hemos disefiado un ex-
perimento basado en explicar a los sujetos las diferentes formas que existen
a la hora de implementar un sistema recomendador con cada uno de los
frameworks. Es cierto que esta evaluacion tiene algunas amenazas que de-
ben ser resueltas en un futuro experimento. Sin embargo, este estudio nos
ha permitido realizarlo a un gran nimero de usuarios con diferentes nive-
les de conocimiento y que nos han dado unos resultados validos para poder
comparar nuestro sistema con los otros frameworks.
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4.5. Conclusiones del capitulo

El objetivo final de esta tesis era crear una plataforma que permitiese a
usuarios con distintos perfiles crear sistemas recomendadores. En este capitu-
lo, hemos descrito la plataforma RECOLIBRY SUITE. Esta plataforma se basa
en un modelo basado en componentes llamado RECONTO y una metodologia
que definen cémo se deben construir los sistemas recomendadores.

A partir de este modelo y la metodologia, se han creado tres herramientas
para automatizar algunas tareas en el desarrollo de sistemas recomendado-
res. La primera de estas herramientas es RECOLIBRY-CORE, un framework
en JAVA que implementa los diferentes componentes descritos en el mode-
lo e implementa la arquitectura para combinarlos. La segunda herramienta
es RECOLIBRY-STUDIO, una aplicacién web que permite al usuario crear los
sistemas recomendadores usando una interfaz grafica. Ademés, RECOLIBRY-
STUDIO asiste a los usuarios a la hora de elegir los componentes mostrando
tinicamente aquellos componentes que son compatibles con los que se han se-
leccionado previamente. La tltima herramienta es RECOSERVER, un servidor
que despliega automéaticamente todos los sistemas recomendadores creados
en la plataforma RECOLIBRY SUITE.

Para evaluar la plataforma, se realizé una sesién con usuarios para valo-
rar la facilidad de uso de RECOLIBRY-STUDIO a la hora de crear un sistema
recomendador. En esta evaluacién vemos que, aunque las conclusiones no
son definitivas, RECOLIBRY-STUDIO puede facilitar la creacién de sistemas
recomendadores finales. Sin embargo, esta investigaciéon nos ha abierto nue-
vas lineas de investigacién que podemos explorar en el futuro para mejorar
la plataforma. En el proximo capitulo, enumeraremos todas las conclusiones
que hemos obtenido durante nuestra investigacién y describiremos nuevas
lineas con las que continuar trabajando en el futuro.






Capitulo 5

Conclusiones y trabajo futuro

El objetivo general de esta tesis doctoral ha sido crear una plataforma ba-
sada en conocimiento que ayudase a usuarios con distintos perfiles a construir
sistemas recomendadores complejos. Para llegar a este objetivo, se definie-
ron unos objetivos previos que permitieron comprender como funcionan los
sistemas de recomendacién y los pasos necesarios para su construcciéon. Este
capitulo enumera todos los resultados obtenidos por cada uno de los obje-
tivos que se definieron al comienzo de esta tesis doctoral. Estos resultados
estan respaldados por los articulos presentados a la comunidad cientifica y
que estan recopilados en la Parte III.

En este capitulo, enumeramos las diferentes contribuciones que hemos
conseguido y realizamos un anélisis de las conclusiones obtenidas en nuestra
investigacion. En la Seccién 5.1 se hace un resumen de los objetivos plan-
teados y las aportaciones realizadas para cada uno de ellos. A continuacién,
la Seccion 5.2 propone algunas lineas de investigaciéon que podrian surgir a
partir de nuestro trabajo. Por ultimo, la Seccién 5.3 expone las conclusiones
finales de esta tesis doctoral.

5.1. Resumen de aportaciones

En esta seccion se enumeran todos los objetivos definidos en el plan-
teamiento del trabajo (ver Capitulo 1) que se han cumplido en esta tesis
doctoral. Ademas, se explican brevemente las aportaciones asociadas a cada
uno de ellos. La lista con los objetivos cumplidos es la que se muestra a
continuacion:

» Objetivo 1 (O-1): Comprender la construccion de los sistemas
recomendadores analizando las técnicas utilizadas, los proble-
mas que se puedan encontrar y los frameworks disponibles.
En el Capitulo 2 hemos estudiado las distintas técnicas de recomenda-
cion, asi como los problemas mas importantes que se pueden encontrar

o7
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en estos sistemas. Ademaés, en la Seccion 2.3 y el Capitulo 15 (Jorro-
Aragoneses et al., 2020) se hace un estudio detallado de los frameworks
existentes para la construccion de sistemas recomendadores.

e Aportacion 1: Estudio de sistemas recomendadores clasi-
cos y sistemas recomendadores contextuales incluyendo
las distintas técnicas de recomendacién que utilizan. En
el Capitulo 2, hemos analizado los sistemas recomendadores mas
utilizados. En este analisis hemos estudiado las diferentes técnicas
de recomendacién clasicas que se han utilizado hasta el momento
y, ademads, se ha realizado una revisiéon de las técnicas de reco-
mendacion que utilizan informacion contextual.

e Aportacion 2: Clasificacion y andlisis de los principales
problemas que se encuentran en la implementaciéon de
los sistemas recomendadores incluyendo soluciones en-
contradas en la literatura. En el Capitulo 2 se hace un estu-
dio de los problemas més comunes que se pueden encontrar en el
desarrollo de los sistemas recomendadores: dispersion de datos, el
problema de la estela y el problema del cold-start. Ademas, para
cada uno de los problemas, se describen las soluciones que se han
encontrado en la literatura.

e Aportacion 3: Estudio de los diferentes frameworks para
crear sistemas recomendadores clasificando las caracte-
risticas que tienen y definir las caracteristicas para la
plataforma resultante del objetivo O-5. En el Capitulo 15
(Jorro-Aragoneses et al., 2020) se ha realizado un estudio detalla-
do de todos los frameworks de c6digo abierto o académicos creados
desde 2011. Por cada uno de ellos se han analizado qué técnicas
de recomendacion implementan, si existe una interfaz grafica pa-
ra el usuario, si se pueden implementar nuevas técnicas de reco-
mendacioén, si tienen elementos para la evaluacién de los sistemas
construidos y si permiten el despliegue automético de los sistemas
recomendadores. A partir de este estudio obtendremos las carac-
teristicas que debe cumplir la plataforma RECOLIBRY SUITE.

= Objetivo 2: Desarrollar un sistema recomendador que utilice
informacién contextual y que permita probar los componentes
que se anadiran al modelo tedrico a implementar en O-4. En
el Capitulo 3 se describe el sistema recomendador contextual que se ha
desarrollado como caso de estudio.

e Aportacion 4: Desarrollo de un sistema recomendador de
planes turisticos y de ocio en Madrid que utiliza infor-
macion contextual. En el Capitulo 3 se describe Madrid Live,
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un sistema recomendador contextual de planes turisticos y ocio
en Madrid. Esta aplicacion tiene en cuenta las preferencias de
los usuarios y la informacién contextual en el momento de hacer
la recomendacion. Esta aportacion se encuentra detallada en el
Capitulo 9 (Jorro-Aragoneses et al., 2017a).

» Objetivo 3 (0O-3): Desarrollar distintas soluciones para el pro-
blema del cold-start en sistemas recomendadores. En el Capi-
tulo 3 se describen soluciones propuestas para resolver el problema del
cold-start que, como se explica en el Capitulo 2, es el problema maés
comin en los sistemas recomendadores.

e Aportacion 5: Propuesta de un método CBR para resol-
ver el problema del cold-start orientado a los usuarios en
sistemas recomendadores. En el Capitulo 3 se propone una
solucién al problema del cold-start orientado a la falta de infor-
macién de un usuario. En este caso, se propone una metodologia
para construir distintas bases de casos que permitan inferir la
informacién que falta de un usuario a través de otros usuarios
anonimos. En el Capitulo 11 (Jorro-Aragoneses et al., 2015) se
detalla esta aportacion.

e Aportacion 6: Propuesta de una metodologia que permite
crear una base de casos inicial para resolver el problema
del cold-start orientado a los items. En el Capitulo 3 se des-
cribe una metodologia para construir una base de casos inicial
para el sistema Madrid Live. Esta metodologia utiliza la opinién
de los usuarios para crear un conjunto de casos iniciales que resuel-
van el problema del cold-start orientado a los items. El Capitulo
12 (Jorro-Aragoneses et al., 2018) describe esta metodologia.

» Objetivo 4 (0O-4): Crear un modelo tedrico basado en compo-
nentes que describa la construcciéon de los sistemas recomen-
dadores y plasmarlo en una ontologia. Después del estudio de los
sistemas recomendadores en O-1 y de desarrollar un caso de estudio en
0-2, en el Capitulo 4 presentamos el modelo tedrico que describe como
se construyen los sistemas recomendadores.

e Aportaciéon 7: Propuesta de una ontologia que defina la
construccién de sistemas recomendadores a partir de com-
ponentes. En el Capitulo 4 presentamos RECONTO, una onto-
logia para modelar la construcciéon de sistemas recomendadores a
partir de componentes. Esta ontologia define la funcionalidad de
cada uno de los componentes y un conjunto de reglas para com-
binarlos. Esta aportacion se presenta en los Capitulos 13 (Jorro-
Aragoneses et al., 2017a) y 15 (Jorro-Aragoneses et al., 2020).
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Ademas, esta ontologia se encuentra en un repositorio piblico

para su usol.

» Objetivo 5 (O-5): Desarrollar una plataforma que ayude en el
diseno, implementacion y despliegue de los sistemas recomen-
dadores basandose en el modelo tebérico propuesto. Este era el
objetivo principal que se definié para esta tesis doctoral. En el Capi-
tulo 4 se describe RECOLIBRY SUITE, una metodologia de desarrollo
y un conjunto de herramientas para crear sistemas recomendadores.
Esta plataforma cuenta con 3 herramientas desarrolladas para cubrir
los pasos descritos en la metodologia de desarrollo.

e Aportacion 8: Creacion de un framework para construir
sistemas recomendadores a partir de los componentes de-
finidos en el modelo tedrico. En el Capitulo 4 se describe la
primera herramienta: RECOLIBRY-CORE. Esta herramienta es un
framework en JAVA que implementa los componentes definidos
en el modelo tedrico y, ademas, implementa la arquitectura para
poder combinarlos. Los Capitulos que describen en detalle este
framework son 14 (Jorro-Aragoneses et al., 2019) y 15 (Jorro-
Aragoneses et al., 2020). Ademas, este framework se encuentra
disponible para su uso con un manual de usuario y un conjunto
de sistemas recomendadores como ejemplo?.

e Aportacion 9: Desarrollo de una interfaz grafica que per-
mita disenar y crear un sistema recomendador de forma
semi-automatica. La segunda herramienta de RECOLIBRY SUI-
TE es RECOLIBRY-STUDIO. Esta herramienta es una aplicacion
web que asiste a los usuarios en la construcciéon de los sistemas
recomendadores. La herramienta esta orientada a usuarios menos
expertos en el desarrollo de software. RECOLIBRY-STUDIO esté
descrito en el Capitulo 4. Esta aportacion se describe en el Capi-
tulo 15 (Jorro-Aragoneses et al., 2020).

e Aportacion 10: Desarrollo de un mecanismo de despliegue
mediante servicios web para ejecutar los sistemas reco-
mendadores de forma automatica a partir de un fiche-
ro de configuracion. La ultima herramienta es RECOSERVER.
Esta herramienta es un servidor que despliega autométicamen-
te los sistemas recomendadores creados con RECOLIBRY-CORE o
RECOLIBRY-STUDIO. Ademés, RECOSERVER crea una API para
que el sistema recomendador pueda ser utilizado por aplicaciones
externas. El Capitulo 4 describe el funcionamiento de esta herra-

"https://github.com/UCM-GAIA /RecOnto
https://github.com/UCM-GAIA /RecoLibry-Core
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mienta. El Capitulo 15 (Jorro-Aragoneses et al., 2020) describe el
funcionamiento de RECOSERVER.

Aunque se han completado todos los objetivos propuestos en esta tesis
doctoral, nuestra investigaciéon deja algunas lineas para futuras investigacio-
nes. A continuacién, presentamos estas lineas.

5.2. Trabajo futuro

Después de finalizar esta tesis doctoral, proponemos diferentes lineas de
investigacion futuras que pueden mejorar al sistema recomendador Madrid
Live y a la plataforma RECOLIBRY SUITE.

5.2.1. Adaptacion del conocimiento al turismo accesible

Usar un sistema CBR para recomendar planes turisticos permitié obtener
un conocimiento implicito debido al uso de casos reales. Este conocimiento
no se puede modelar de una forma sencilla, por ejemplo, en qué orden tienen
que estar las actividades en un plan turistico. Por este motivo, pueden surgir
complicaciones cuando se quiere aniadir nueva informacién en los planes. Una
opcioén seria volver a hacer una base de casos inicial, aunque esto conllevaria
un alto coste y no se aprovecharia el conocimiento obtenido anteriormente.
Otra opcion, es anadir un proceso de adaptacién para modificar el plan
recomendado y que incluya la nueva informacion.

Una posible linea de trabajo futuro y que se plantea en el Capitulo 10
(Jorro-Aragoneses y Bautista-Blasco, 2018) es afiadir una etapa de adap-
tacién de los planes que se recomiendan en Madrid Live. Se intenta gene-
rar planes accesibles para personas con necesidades especiales sin tener que
crear una base de casos inicial desde cero. El objetivo serfa aprovechar el
conocimiento implicito que ya se tiene en Madrid Live y modificar aquellas
actividades que no se consideren accesibles.

La Figura 5.1 muestra como es la fase de adaptaciéon propuesta en el
Capitulo 10 (Jorro-Aragoneses y Bautista-Blasco, 2018). Esta fase comienza
recibiendo el plan turistico devuelto por el médulo CBR de Madrid Live. El
primer paso de esta fase de adaptacion es detectar las actividades no acce-
sibles en el plan y eliminarlas. A continuacién, se descarga en tiempo real
un catalogo de actividades turisticas accesibles del Ayuntamiento de Ma-
drid. Una vez descargado el catalogo, se usa la informacién contextual de
la actividad eliminada para filtrar aquellas actividades del catalogo que no
cumplen con dichas restricciones. Las actividades restantes se clasifican en
una taxonomfia de tipos de actividades. Con esa taxonomia se busca una ac-
tividad accesible cuyo tipo sea lo méas parecido a la actividad eliminada. Por
altimo, se anade esta nueva actividad al plan en la posicién de la actividad
eliminada.
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Figura 5.1: Proceso de adaptacién propuesto para incluir actividades accesi-
bles en los planes turisticos devueltos en Madrid Live.

5.2.2. Capacidad de interpretabilidad en RECOLIBRY-STUDIO

Como hemos explicado en el Capitulo 4, la herramienta RECOLIBRY-STU-
DIO esté orientada a usuarios que no tienen un conocimiento muy profundo
en el desarrollo de sistemas y/o en sistemas recomendadores. Por este motivo,
RECOLIBRY-STUDIO utiliza la ontologia RECONTO para hacer un filtro de
las técnicas de recomendacién que puede usar el disenador a partir de los
componentes que ha seleccionado antes. Sin embargo, una posible mejora
seria anadir un sistema de explicaciones que devuelva al disenador los motivos
por los que se le estan mostrando un conjunto de técnicas de recomendacion.

En los dltimos anos, la investigacién en sistemas inteligentes explicables
ha crecido mucho, como se puede ver en Miller (2019). El principal motivo
es que al incluir explicaciones en sistemas inteligentes se aumenta la con-
fianza del usuario en el uso de este tipo de sistemas. Ademés, la inclusién
de explicaciones en RECOLIBRY-STUDIO permitiria usarla como herramien-
ta educativa para aprender a crear sistemas de recomendacién. Una de las
posibilidades que se puede explotar es analizar las reglas de RECONTO que
devuelven un conjunto de técnicas y, a partir de esas reglas, generar una
explicacién que sea comprensible para el usuario. La investigaciéon en siste-
mas de explicaciones nos permitiria estudiar metodologias para obtener los
motivos de un resultado obtenido de RECONTO y, por otro lado, estudiar
c6mo mostrar esos motivos al usuario a través de RECOLIBRY-STUDIO. Es-
to abriria un gran abanico de posibilidades donde orientar el trabajo para
mejorar esta herramienta.
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5.2.3. Anadir herramientas para el analisis de datos en RE-
COLIBRY SUITE

Coémo se ha explicado en el Capitulo 2, algunas técnicas de recomenda-
cion tienen pequenas modificaciones para solventar algin tipo de problema
con los datos. Un ejemplo muy claro, como se ha visto en esta tesis, es cuan-
do el sistema recomendador tiene el problema del cold-start. Una linea de
trabajo muy interesante en RECOLIBRY SUITE serfa afiadir una herramienta
para analizar los datos que va a utilizar el sistema recomendador. Esta herra-
mienta podria ayudar a los usuarios a detectar problemas como dispersiéon
de datos, problema del long-tail, atributos no necesarios, etc. Incluso, esta
herramienta podria ayudar a los usuarios en la modificaciéon del conjunto de
datos.

Una herramienta de este tipo se podria incluir como un paso previo en
RECOLIBRY-STUDIO para mejorar la selecciéon de las técnicas de recomen-
dacion. En el diseio de RECONTO esta contemplado clasificar los proble-
mas de los datos en sistemas recomendadores. Esto permitiria mejorar la
recuperacion de técnicas de recomendaciéon anadiendo mas atributos a las
descripciones de las técnicas y a las consultas al modelo.

5.2.4. Facilitar la inclusién de nuevos componentes en RECO-
LIBRY SUITE

En la version de RECOLIBRY SUITE presentada en esta tesis doctoral,
hay 2 elementos que controlan los componentes que se pueden usar. En pri-
mer lugar, estd RECONTO que hace una definicién teérica del componente
y describe como se relaciona con otros componentes. Por otro lado, RECO-
LIBRY-CORE implementa la funcionalidad de dichos componentes para que
pueda ser usado en los sistemas recomendadores. Un problema existente en
este diseno es que cuando un desarrollador quiere anadir uno o mas compo-
nentes nuevos deberfa modificar ambas herramientas. Sobre todo, si quiere
que estos nuevos componentes estén disponibles en RECOLIBRY-STUDIO.

Para mejorar este aspecto se podria trabajar en dos lineas de trabajo fu-
turo. La primera de ellas seria crear un sistema que actualice la informacién
de RECONTO a partir de los componentes nuevos que se vayan implemen-
tando en RECOLIBRY-CORE. Por otro lado, se podria trabajar en un sistema
que, a partir de una nueva definiciéon de componente en RECONTO, genere el
c6digo necesario en RECOLIBRY-CORE para incluirlo. Ambos planteamientos
tendrian como objetivo facilitar a la comunidad cientifica o a los desarrolla-
dores de software poder mejorar ambas herramientas, ya que el dominio de
los sistemas recomendadores es muy amplio y esté en continuo desarrollo.
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5.3. Conclusiones finales

A partir de las aportaciones presentadas a lo largo de esta tesis doctoral
y que se encuentran recogidas en los articulos publicados que se presentan
en la Parte III, se concluye que:

1. Nuestro trabajo hace un estudio completo del estado del arte generando
un modelo tedrico que describe el dominio de los sistemas recomenda-
dores.

2. Se han propuesto metodologias novedosas para resolver el problema
del cold-start.

3. El modelo tedrico que proponemos describe de forma detallada cémo
se construyen los sistemas recomendadores. Ademaés, este modelo crea
un vocabulario tinico para los distintos componentes de los sistemas
recomendadores.

4. Las herramientas y metodologias de desarrollo creadas en RECOLI-
BRY SUITE ayudan en la construccion de los sistemas recomendadores,
incluso a los usuarios con menos experiencia en este campo.

5. Tanto el modelo tedrico como el framework estan accesibles para su
uso en repositorios piblicos.

6. Todos los resultados de nuestra investigacion han sido presentados a la
comunidad cientffica.

Tras hacer un anélisis de cémo se construyen los sistemas recomendado-
res, hemos conseguido crear un modelo y un conjunto de herramientas que
facilitan el desarrollo de este tipo de sistemas. Ademaés, se ha demostrado que
estas herramientas simplifican la construcciéon de los sistemas de recomenda-
cién para usuarios con distintos perfiles. Sin embargo, observamos que hay
muchas caracteristicas que pueden mejorarse en estas herramientas y que po-
drian incluir funcionalidades interesantes. Esta tesis doctoral ha resuelto con
éxito todos los objetivos que se propusieron al principio de la investigacién y
proporciona ideas para ampliar el trabajo en futuras lineas de investigacion.
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Chapter 6

Introduction

This chapter demarcates the research of this Ph. D. thesis in the recom-
mender systems area. The main objective of our study was developing a
platform to ease the creation of recommender systems. For this reason, in
this chapter, we describe the difficulties ussually found by developers when
they build this type of systems. Additionally, we explain our research plan-
ning to solve these difficulties. Section 6.1 illustrates the reasons why we
think that this research is necessary. Next, in Section 6.2, we show a set
of specific objectives defined in our study. Finally, Section 6.3 resumes the
contributions reached for each of the proposed objectives in this thesis.

To present this thesis, we have chosen a format based on publications.
The contributions reached in this thesis are described in detail in each of the
accompanying publications, collected in Part III.

6.1. Motivation

The development process of a recommender system is not an easy task.
Developers have to: do a precise analysis of all information used in recom-
mender systems, choose the best technique for this information, and develop
the final system from scratch or using an external framework. This process
is becoming more and more complicated due to the continuous development
of new recommender techniques and new frameworks.

Although research in recommender systems started in the early 90s (Gold-
berg et al., 1992), the greatest popularity of recommender systems was bet-
ween 2000 and 2005. This popularity is linked to the beginning of the so-
called Web 2.0 (O’Reilly, 2009). The web sites builtin the end of the 2000s
and beginning of the 2010s allowed a bidirectional communication between
users; indeed, users could participate actively, adding their content in the
websites, for example, in blogs, wikis, etc.

As a consequence of Web 2.0, tow factors were introduced that encou-
raged the development of recommender systems: information overload and
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the ease of obtaining the users’ feedback. Firstly, the amount of information
generated was growing, and that made it hard for users to find useful infor-
mation. Recommender systems resolved this problem because they showed
interesting content based on users’preferences. Secondly, the new Web 2.0
sites allowed to collect the users’ opinions and preferences. For that reason,
that facility to collect opinions fostered the development of recommender
systems based on users’ reviews, such as collaborative filtering recommen-
ding systems (Bobadilla et al., 2009) that suggest items selected by users
with a similar opinion. The number of reviews pushed the research of this
type of algorithms, as it happened in 2006 when Netflix organized a competi-
tion to implement a recommender system using a set of users’ratings from its
platform (Bennett et al., 2007). On the other hand, the use of recommender
systems enabled personalize the user experience in web sites and e-commerce
sites as it is explained in Karat et al. (2004). For example, the recommen-
dation systems of Netflix, Amazon, and Spotify show different products for
each user in a personal way.

Another much-studied recommender system paradigm has been the content-
based recommender systems (de Gemmis et al., 2015). In contrast with colla-
borative filtering techniques, these systems work using a detailed description
of the elements to recommend. From the user reviews, these systems generate
a user profile based on the preferences obtained by a graphical user interface
or a query. This profile contains the common features from the elements that
have been selected by a user. Next, the content-based recommender systems
return a set of elements which description is similar to the generated user
profile. This type of system benefits from the amount of information that
describes the products, which is increasingly detailed. However, these and
other additional techniques have some limitations. One way to resolve them
is combining two or more methods in a hybrid recommender system (Burke,
2002).

The rise of mobile devices started another research area in which the
recommender systems focus includes additional information that could in-
fluence the user opinion. This additional information is called contextual
information (Dey, 2001). Contextual information describes the state and en-
viroment of users and products in a specific moment. This information could
be, for example, user location, weather, or the schedule of a leisure activity.
This information has been added to the recommender systems as another di-
mension to take into account (Adomavicius y Tuzhilin, 2015). Recommender
systems that implement this approach are called context-aware recommen-
der systems (CARS). A typical domain for these recommender systems is
the tourism and leisure domain, mostly when users use their mobile devices
and want recommendations in real-time (Borras et al., 2014).

Nowadays, there is a large variety of recommender techniques, and a
developer needs to know these techniques and when to use each one to im-
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plement a new recommendation system. For this purpose, the first step is to
analyse the information that they will use in the new system. This analy-
sis allows us to detect possible data problems; for example, there not being
enough information to generate recommendations (this issue is called the
cold-start problem). The results of this analysis can influence which recom-
mender technique can be used or which one will return better results.

On the other hand, there is a wide variety of frameworks that help in
the building process of recommender systems (Owen et al., 2011; Ekstrand
et al., 2010; Recio-Garcia et al., 2008). However, this wide variety is another
challenge because there are many differences between each framework: the
programming language used, limitation in the algorithms implemented, or
different ways to build the final system. In addition, some frameworks use
different terms than the terms used in the design process of recommender
systems. For this reason, the full process to build a recommender system
needs a team that contains people with a high level of experience in re-
commender systems and other people who know how to implement the final
system using a framework. In addition, sometimes, the vocabulary uses in
the design process should be adapted to the development process.

This design and development process can be simplified by applying a
component-based design. This is possible because most of them use a similar
scheme in the information flow. This allows us to define components that
have concrete objectives inside recommender systems, for example: mana-
ging users information, defining each algorithm (like collaborative filtering,
content-based, etc.). One of the significant advantages of this approach is the
reuse of these components in different solutions. It allows us to reduce the
time of development and reduces the cost of the software build (Szyperski
et al., 2002). On another hand, the use of components allows us to define
the restrictions and incompatibilities that exist between each component and
make a model to describe how to build a recommender system. For example,
if the system will use a component to read contextual information, then we
can filter every algorithm that cannot use this type of information. Thanks
to this way of building recommendation systems, a designer with a low level
of knowledge in these systems can choose which components to use. Finally,
the use of components allows implementing each component separately, and
we can implement each component using different frameworks. This is trans-
parent to a developer, who only needs to select which components will use
in the final system.

In summary, the building of a recommender system is a complex process.
It needs a developer o a team with a high level of knowledge in the different
tasks. First, they should select that recommender technique that best suits
in the domain and analyze the problems that could be found. Next, they
have to decide how to implement the recommender systems, either using a
framework or fully implementing the system themselves. In both cases, they
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need to have advanced technical skills. For this reason, our research aids
the development process, and, in the next section, we explain the objectives
defined to complete our research.

6.2. Objectives

As we explained in the previous section, creating a recommendation sys-
tem is a complex task. For this reason, the general objective of this Ph. D.
thesis is to build a knowledge-based platform to unify the design and develop-
ment process of recommender systems. For this purpose, we use a theoretical
model to describe the building process of recommender systems based on a
set of components. This platform contains a set of tools that assists users in
the building process. They provide automatic assistance, guiding the user in
the selection of the components based on the theoretical model. To complete
this general goal, we have defined a series of more specific objectives.

The first specific objective (O-1) was to understand how to make recom-
mender systems and how to define this construction into a theoretical model
based on components. To complete this objective, we have performed three
studies. First, we have enumerated different recommender techniques used in
state of the art. For each of these method, we have described its restrictions
based on the input information they use. Second, we have analyzed what
type of problems occur in the recommender systems. Finally, we have exa-
mined a set of academic and open source frameworks to build these systems.
We have reviewed their features to define the features of our final platform.

The second specific objective (O-2) associated with understanding the
construction of recommender systems was to create a real system in the
domain of tourism and leisure. This system creates tourism plans to users
based on their preferences and contextual information at the time of the
recommendation. This system was a case study to test the different functio-
nalities and techniques included in our model. We chose the tourism domain
because it contains a great variety of contextual information like user lo-
cation, activities time, weather, etc. and we could include this information
in our recommender process. Also, it allowed us to analyze the influence of
contextual information in the final recommendations.

We have used this recommender system to work in the third specific
objective (0-3): studying solutions to the cold-start problem (Park y Chu,
2009), which is one of the most common issues in recommender systems.
This problem arises when there is not enough information in a recommender
system to return useful results. It occurs, for example, when there are not
enough ratings in a collaborative-filtering system, or there are not enough
product descriptions in a content-based method. In this thesis, we propose to
apply different configurations of the case-based reasoning method (CBR) to
resolve this problem. CBR systems solve new problems by reusing solutions
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used in similar situations (Kolodner, 1992). In our research group GAIA (Ar-
tificial Intelligence Applications Group), there is a long history of applying
CBR to different domains, including recommender systems.

After completing objectives O-1 and O-2, the fourth specific objective
(O-4) was to formalize a theoretical model based on components to define
the building process of a recommender system. This formalization comprises
describing the functionality of each component as a black box, enumerating
its restrictions, and describing the information returned. The main advantage
of this model is to reuse most of these components in different recommender
systems. Additionally, the model also determines the rules to combine these
components. Finally, it yields a common vocabulary for building recommen-
der systems. This means that this vocabulary is independent of any final
framework, and it is the same vocabulary across the design and development
processes. For these reasons, we have represented this model in an ontology
to use it in our knowledge-based platform. An ontology creates a formal defi-
nition of entities, and it defines the properties and the relationships between
these entities (Gruber, 2009).

All these specific objectives have allowed us to complete the main pur-
pose of this thesis (0-5): the development of a knowledge-based platform
to helpaid users in the design, implementation and deployment processes of
recommender systems. This platform, called RECOLIBRY SUITE, is based on
the theoretical model of components defined in objective O-4. This platform
consists of three tools:

= A high-level tool to design recommender systems in our platform. Ba-
sed on the theoretical model, this tool helps designers select which
recommender technique can apply based on the components chosen
before.

= A JAVA framework that implements the components defined in the
theoretical model. It uses third-party frameworks to implement the
components. And it implements the process to build a recommender
system using dependency injection.

= A web tool to deploy automatically all recommender systems built
with RECOLIBRY SUITE, which also implements an API to use the
recommender system in external aplications.

6.3. Contributions summary

In the previous section, we have explained a set of specific objectives
defined to implement a knowledge-based platform to build recommender
systems. During our research, we have obtained one or more results for each
particular goal, which we enumerate in the following. In the next list, we
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describe the result of each objective and the chapter that explains it in
detail:

Objective 1 (0O-1)

Understanding the build process of recommender systems analyzing:
techniques used, problems founded, and available frameworks.

Result 1 Study of classic recommender systems and context-aware recom-
mender systems, including the different techniques used.

Contributions:
= Section 7.1.1: Recommender systems.

Result 2 A classification and analysis of the main problems founded in
recommender systems. It includes some solutions proposed in the
literature.

Contributions:
= Section 7.1.2: Problems in recommender systems.

Result 3 A study of different frameworks used to build recommender sys-
tems. This study includes a classification of all features detected
in each framework to define which features should be included in
RECOLIBRY SUITE.

Contributions:

= Section 7.1.3: Frameworks to build recommender systems.

= Chapter 15: RECOLIBRY SUITE: a set of intelligent tools for
the development of recommender systems (Jorro-Aragoneses
et al., 2020).

Objective 2 (0O-2)

Developing a recommender system as a case study that uses con-
textual information and allows testing the concepts included in the
theoretical model.

Result 4 Developed a context-aware recommender system of tourist and
leisure plans in Madrid: Madrid Live.

Contributions:

= Section 7.2: Study of creation of a recommender system.

= Chapter 9: Madrid-Live: a context-aware recommender sys-
tem (Jorro-Aragoneses et al., 2017b).
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Objective 3 (0O-3)

Developing different solutions to resolve the Cold-Start problem in
recommender systems.

Result 5 A CBR method to resolve the Cold-Start problem in the user
information of recommender systems.

Contributions:
= Section 7.3: Solutions proposed to resolve the cold-start pro-
blem.
= Chapter 11: Addressing the cold-start problem in facial ex-
pression recognition (Jorro-Aragoneses et al., 2015).
Result 6 A methodology for building an initial case base to resolve the cold-
start problem in the items information of recommender systems.
Contributions:
= Chapter 7.3: Solutions proposed to resolve the cold-start pro-
blem.

= Chapter 12: Case base elicitation for a context-aware recom-
mender system (Jorro-Aragoneses et al., 2018).

Objective 4 (0-4)

Designing a component-based model to describe the recommender
system building process and implement it in an ontology to use it in
the platform of objective O-5.

Result 7 An ontology to define the building process of recommender sys-
tems based on components: RECONTO.

Contributions:
= Section 7.4.1: A theoretical model to build recommender sys-
tems.

= Chapter 13: RECONTO: an ontology to model recommender
systems and its components (Jorro-Aragoneses et al., 2017a).

Objective 5 (O-5)

Developing a platform to help users in designing, developing, and
deploying recommender systems based on the theoretical model ob-
tained in objective O-4.
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Result 8

Result 9

Result 10

A framework to build recommender systems based on the compo-
nents defined in the theoretical model in objective O-4: RECOLI-
BRY-CORE.

Contributions:

= Section 7.4.2: RECOLIBRY SUITE.

= Chapter 14: RECOLIBRY-CORE: a component-based frame-
work for building recommender systems (Jorro-Aragoneses
et al., 2019).

= Chapter 15: RECOLIBRY SUITE: a set of intelligent tools for
the development of recommender systems (Jorro-Aragoneses
et al., 2020).

A graphical user interface for designing and building recommender
systems in a semi-automatic way: RECOLIBRY-STUDIO.

Contributions:

= Section 7.4.2: RECOLIBRY SUITE.

= Chapter 15: RECOLIBRY SUITE: a set of intelligent tools for

the development of recommender systems (Jorro-Aragoneses
et al., 2020).

A deploy mechanism using web services to execute the recommen-
der systems automatically from a configuration file: RECOSER-
VER.

Contributions:

» Section 7.4.2: RECOLIBRY SUITE.

= Chapter 15: RECOLIBRY SUITE: a set of intelligent tools for
the development of recommender systems (Jorro-Aragoneses
et al., 2020).

The rest of this memory is organized as follows: Chapter 7 describes all
the contributions of our research and which objective they met, and Chapter
8 collects all conclusions obtained in the research of this thesis and explain
some research lines to do as future work. Finally, Part III contains all publi-
cations that explain in detail each contribution.



Chapter 7

Contributions

This chapter summarizes the contributions obtained during our research
in this Ph. D. thesis. We have divided all contributions into different sections
depending on the objective met. Section 7.1 contains a summary of our
study about recommender systems, the problems associated with this type
of systems, and an analysis of the frameworks to build the recommendation
systems. Next, Section 7.2 describes the recommender system implemented
as a case of study: Madrid Live. The solutions proposed to resolve the cold-
start problem are explained in Section 7.3. Finally, Section 7.4 describes the
theoretical model developed to describe the build process of the recommender
systems, and we explain the platform RECOLIBRY SUITE, the main objective
of this thesis.

7.1. Domain study

To develop a platform to build recommender systems is necessary to
understand the build process of these systems. For this reason, we defined
the objective O-1:

Objective 1 (O-1)

Understanding the build process of recommender systems analyzing:
techniques used, problems founded, and available frameworks.

This section contains the results obtained in this objective. First, it inclu-
des a literature revision where we have enumerated the different recommen-
dation techniques. Next, we have listed the main problems founded in recom-
mender systems associated with the input data. Finally, we have included
an analysis of features from different frameworks to build recommendation
systems.
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7.1.1. Recommender systems

Often, we do not have all the information about one problem to decide
on a solution. For this reason, we typically listen to the recommendations
of other people or read opinion articles to guide our decision. The recom-
mender systems try to copy this process automatically (Resnick y Varian,
1997). These systems became popular because they were necessary to fil-
ter the information contained on the Internet. Their main goal was to show
the information most interesting to each user based on their interests and
preferences.

Despite filtering information, the recommender systems have had new
targets on which to focus their results. Ricci et al. (2015) describes other
goals to apply the recommender systems: increase sales of a product, improve
the user experience, improve user loyalty, etc. For example, these systems are
used in e-commerce to recommend products based on other bought before
(Schafer et al., 1999). In addition, there are multiple domains where it is
possible to use a recommender system (Bobadilla et al., 2013): books, movies,
music, travels, etc.

Recommender systems divide the knowledge used in three essential ele-
ments, to search the most interesting information to users (Ricci et al., 2015):

Users They are the consumers of recommender systems. Depending on the
system goal, it saves different user information: demographic data, a
list of product features preferred, etc.

Items Elements recommended by the system. Depending on the recommen-
der technique used, the system archives different item information. The
main goal of these systems is to classify the utility of each item based
on the interests of a concrete user.

Transactions The interactions between users and items. Based on these
transactions, a system can predict which items can interest to a user
in the future. A system can obtain transactions in two way: explicit or
implicit. The explicit transaction is when users interact with the system
to indicate an opinion, for example, rating a book. On the other hand,
the implicit transaction occurs when the system infers this information
based on a users actions, for example, analyzing products bought by
users.

Although most of the recommender systems only use these elements, ot-
her systems include more information to improve their results. They include
external information from users and items, and this type of information is
called contextual information. This information is in, for example, a tourist
recommender system. This system needs to know the weather information
and, based on this information, recommend an indoor or outdoor activity.
In this case, the weather information is external data from users and items.
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Base on the three essential elements and the possibility to include ex-
ternal information, in this thesis we classified the recommender techniques
based on the Adomavicius y Tuzhilin (2015) classification. This classifica-
tion proposes two groups of systems based on the information used: classic
systems, or 2-dimensions system, and context-aware systems. The first group
contains all techniques that only use the essential elements, i.e., users, items,
and transactions. The second group includes all techniques where is included
contextual information.

In next sections, we describe the techniques included in each group and
some works found in the literature where authors used these techniques.

7.1.1.1. Classic recommender systems

The first works about recommender systems started in the middle of the
90s. These works studied the ratings made by users to determine which items
can interest them in the future. For this reason, most of these techniques was
techniques based on ratings, i.e., techniques to estimate the rating of a user
in an item that the user did not rate. These algorithms trained a function f
that returned the estimating rating (Ratings) of a set of users (Users) and
a set of Items (Items) (Zafarani et al., 2014):

f: Users x Items — Ratings (7.1)

Function f should return a real value for each pair (u,7) where w is in
Users, and i is in Items. This value depends on the rating range (Ekstrand
et al., 2010). However, the main goal of a recommender system is to return a
set of items as a recommendation. For this reason, we can generalize the fun-
ction f and define recommender systems as a function R that uses the users
(Users) and items (Items) information to return an ordered set of items
(Recommendations) based on the utility of each item to a user (Adomavi-
cius y Tuzhilin, 2005). The function R can use function f to know the user
interest for each item. However, R includes a selection algorithm to choose
a set of items to recommend.

R : Users x Items — Recommendations (7.2)

This function explains why we can call these recommender systems 2-
dimensions systems. There are three different types of techniques in this
group: collaborative filtering techniques, content-based techniques, and hybrid
techniques.

The collaborative filtering recommender systems use the rating pattern to
find new items that can interest to a specific user (Koren y Bell, 2015). Their
information domain is a matrix where the dimensions are users and items,



78 CHAPTER 7. Contributions

and the matrix values are the ratings. In this matrix, there are many values
without a rating called unknown values (Ekstrand et al., 2010). Collaborative
filtering recommender systems can be divided into two groups: memory-based
techniques and model-based techniques.

Memory-based techniques use the ratings to find similarities between
users or items. The algorithm most used is the Nearest-Neighborhood algo-
rithm (Schafer et al., 2007). One application of this algorithm is to find a
set of similar users based on the rating pattern, and then recommend items
that these similar users prefer. Another possible application is to search for
items that have similar rating patterns than the items liked by the user.

On the other hand, the model-based techniques train a model to predict
the unknown ratings based on the other ratings (Sarwar et al., 2001). Next,
the recommender systems use these models to generate their results. There
are many algorithms in this group. Some of them are: rules-based systems,
bayesian networks, clustering algorithms. However, one of the methods with
the best results is the Non-Negative Matrixz Factorization (NMF) (Lee y
Seung, 2001).

Other classic systems are the content-based recommender systems. These
recommender systems compare the detailed features of items with the fea-
tures that users prefer (Lops et al., 2011). These recommendation systems
have two information sources (Aggarwal, 2016): the items description and
the user profiles. This recommender system should apply three steps (Lops
et al., 2011):

1. Content analysis. This step extracts the items information to save
this information with the structure used in the recommender system.

2. Train user profiles. Based on the interactions between users and
items, the system generates user profiles. Each profile contains the
items features that a user prefers. Usually, the system uses machine
learning algorithms in this step.

3. Content filter. It is the recommendation process. It compares the
items description with the user profiles. Next, it shows the items most
relevant from users. Users can rate the new items, and the system
executes the step of the train user profile again to update the user
preferences.

There are many algorithms applied in these recommender systems with
good results, like bayesian classification (Yang et al., 2013), semantic net-
works (Shishehchi et al., 2010), or regression-based models (Van den Oord
et al., 2013). However, the Nearest Neighbors algorithm is the most used
(Pazzani y Billsus, 2007).

Within the content-based recommender systems, there are a specific tech-
nique called case-based recommender systems. This type of recommender
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Figura 7.1: Diagram of the steps in CBR systems (Aamodt y Plaza, 1994).

systems uses the methodology case-based reasoning (CBR). The CBR met-
hodology consists of resolving new problems reusing or adapting solutions
applied to similar problems in the past (Riesbeck y Schank, 1989). This met-
hodology is applied in domains where it is not possible to create a model,
or it is difficult to acquire knowledge (Shiu y Pal, 2004). The CBR method
has a set of solutions applied in problems of the same domain. Each solution
contains the problem description, and it is called case. Based on these cases,
the CBR method applies four steps to resolve new problems. As Figure 7.1
shows, these steps, called 4-Rs, are the next (Aamodt y Plaza, 1994):

= Retrieval. From a new problem, the system uses a set of similarity
functions to retrieve the most similar cases.

= Reuse. Next, the CBR system selects which retrieved cases will use
to propose a solution to the new problem.

= Revision. The system analyzes if the proposed solution will resolve
the new problem. In this step, the system can adapt to the solution.

= Retain. If the solution resolves the problem, the system adds the pro-
blem description and save both in a new case to use in the future.

Case-based recommender system is applied in many domains. Some exam-
ples are: recommender massive online courses (Bousbahi y Chorfi, 2015),
recommend movies (Quijano-Sanchez et al., 2012) and wellness therapies
(Pheng et al., 2013).

The last type inside of the classic recommender systems group is the
hybrid systems. These systems combine two or more recommender techniques
to solve the problems that these techniques have individually (Ricci et al.,
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2015). Burke (2002) contains a clasification about the combined method
used. This classification includes the next seven types of hybrid methods:

= Weighted. The algorithm uses a score or vote method to select the
final recommendation based on the solution of each technique.

s Switching. The algorithm selects the technique depending on the si-
tuation.

» Mixed. The algorithm shows the recommendation obtained in every
technique.

s Feature combination. It uses an algorithm based on a model com-
bining the features of each technique.

= Cascade. The solution proposed for a technique is improved using
another technique.

s Feature augmentation. The output from one technique is used as
an input feature to another.

= Meta-level. The model learned by one recommender is used as input
to another.

In Section 7.1.2, we enumerate some examples that use hybrid techniques
to resolve concrete problems in recommender systems.

7.1.1.2. Context-Aware recommender systems

All techniques reviewed before only use the three essential elements:
users, items and transactions. However, there is a research area in recom-
mender systems that studies how external factors can influence in the user
decisions in a particular moment. These systems are called context-aware
recommender systems (CARS).

They include contezxtual information to obtain a recommendation. The
definition about contextual information is in Dey (2001): Context is any
information that can be used to characterise the situation of an entity. An
entity is a person, place, or object that is considered relevant to the interac-
tion between a user and an application, including the user and applications
themselves. It is a general definition, howevere, in Zimmermann et al. (2007),
there is a classification of contextual information and how to use it.

We explain how the contextual information works using an example.
Imagine that we have implemented a context-aware recommender system
about movies. We should recommend a movie to a user who loves horror
movies. However, this day, the user goes to the cinema with her family. This
family has two children. In this case, the recommender system should search
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for another movie type because it should adapt to the new situation. For
this reason, the recommender system returns a movie that is not the favorite
for the user, but which is better in this situation. In this example, the group
type (family) is the contextual information.

The context-aware recommender system can be difined by an extension
of the function explained in the classic recommender systems. This func-
tion R, uses the domain of Users, Items and the contextual information
(Context) to return an ordered set of items (Recommendation) based on
the utility of each item in a concrete moment:

Rz : Users x Items x Context — Recommendations (7.3)

These recommender systems can be classified into three paradigms based
on how they use the contextual information in the systems (Adomavicius y
Tuzhilin, 2015):

= Pre-filtering paradigm. These systems filter all items that cannot
adapt to contextual information. Next, these systems apply a classic
recommender technique with the rest of the items to calculate the
recommendation.

= Post-filtering paradigm. These systems reverse the steps of the pre-
filtering paradigm. First, they apply a classic recommender technique
to order all items based on their utility. Next, they filter all items that
not can be used with this contextual information.

= Context model paradigm. The last type of system makes a model
that includes the contextual information inside of the model based on
user and items.

Each paradigm has its advantages and its disadvantages. Panniello et al.
(2009) contains a study to analyze which paradigm, between pre-filtering and
post-filtering, has better results. This study concludes that the pre-filtering
is faster, because it removes items before calculating the recommendation,
and the results are more relevant comparison with the results obtained whit
post-filtering methods.

There are many domains where applied the context-aware recommender
systems is, like movies (Ono et al., 2007; Colombo-Mendoza et al., 2015),
music (Baltrunas et al., 2011; Hariri et al., 2012) or learning tools (Wang y
Wu, 2011). However, a popular domain in context-aware recommender sys-
tems is the tourism domain. The main reason is that this domain contains
contextual information: user location, timetable of activities, weather, trans-
port, etc. Also, these systems usually recommend tourist activities in real
time and, to do that, they need to know the contextual information to im-
prove the results (Borras et al., 2014). The first context-aware recommender
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system in the tourism domains was COMPASS (Van Setten et al., 2004),
which shows interest locations near the user location. Another example is
Pythia (Drosatos et al., 2015) that recommends different points of interest
depending on the contextual information of users.

In conclusion, we can classify recommender techniques based on the in-
formation used. It allows us to divide the techniques into two groups: classic
techniques and context-based techniques. This classification is necessary to
include them in the future model. When this study is finished, the next step
was to analyze the common problems found in recommender systems based
on the input data.

7.1.1.3. New trends in recommender systems research

In addition to all techniques explained previously, other techniques have
become popular in the last years. The technique most popular, based on its
high accuracy in different artificial intelligence areas, is the deep learning
method. Deep learning is a learning method that uses different interconnec-
ted levels to resolve a problem. It allows us to transform a problem from raw
data, such as image, to an abstract level of representation, for example, the
image category in a classification Lecun2015. In the recommender systems
research area, deep learning made it possible to capture non-linear and non-
trivial relationships between users and items in an efficient way (Mu, 2018).
In addition, this technique can solve some of the problems in recommender
systems described in this thesis, such as the cold start problem (Wei et al.,
2017). However, deep learning has some limitations, such as the models ob-
tained are not interpretable or the amount of information needed to train a
model in this technique (Zhang et al., 2019).

Another new method in recommender systems is the use of knowledge
graphs. A knowledge graph is a representation of information composed by
entities, represented with nodes, and the relationships between these enti-
ties, represented by edges (Ji et al., 2020). Knowledge graphs represent the
information depending on the problem to be solved. An example is the hy-
brid representation in entity2rec (Palumbo et al., 2017). It uses networks
where entities are: the users from the recommender system, the movies to
recommend, and some movies features (actors, directors, etc.). The relations
are the interactions between users and movies, and the features with each
corresponding movie. Authors used these knowledge graphs to generate a
measures score to obtain a ranking of n recommendations. We can find ot-
her representation in (Caro-Martinez y Jimenez-Diaz, 2017), where authors
proposed a knowledge network to represent the interactions from users in an
online judge of programming exercises. This graph relates to users and the
exercises completed by them. Next, they applied metrics from social network
analysis to recommend new problems to users.

Apart from new techniques to apply in recommender systems, authors



7.1. Domain study 83

propose new types of recommender systems that return new type of results.
For example, one research area that has been active in recent years is to
create recommender systems based on sequences. These systems return a
list of items for a user to consume in that order (Quadrana et al., 2018). To
train these systems, they use records that contains a set of items consumed
by a user in the past. In the training step, these systems take into account
the order of each item to understand how to recommend a new sequence
of items. These recommender systems are applied in different domains like
e-commerce to recommend the next product to buy (He y McAuley, 2017),
in tourism to suggest the next point of interest to visit (He et al., 2016), or
to create a music playlist (Turrin et al., 2015).

The design process of the model proposed in this thesis should take into
account these new techniques and new types of a recommender system, and
other that appear in the future, to allow other developers include them into
the model.

7.1.2. Problems in recommender systems

There are multiple problems in the build process of recommender sys-
tems. Some of them are the users’ privacy, the system scalability, latency
issues, etc. (Khusro y Ali, 2006). However, in this thesis, we have studied
three common problems based on the distribution of the input data. These
problems are sparsity, the long-tail problem, and the cold-start problem.

7.1.2.1. Sparsity

Due to the high number of items and users, usually, there is a low number
of transactions, i.e., we have not got enough ratings for all users in each item.
This problem does that sometimes the recommender systems do not return
valid solutions (Shahabi y Chen, 2003). This problem is called sparsity, and it
is common in collaborative filtering recommender systems based on memory.

There are some models to resolve this problem. Some solutions use tech-
niques based on dimensional decomposition, for example, Singular Value De-
composition (SVD) method (Sarwar et al., 2000) or use techniques based on
latent factors like Non-Negative Matriz Factorization (NMF) (Luo et al.,
2016). Other solutions use hybrid recommender systems to improve the re-
sults found in sparsity data (Maneeroj y Takasu, 2009; Kim et al., 2017).

7.1.2.2. Long-tail problem

This is another common problem in recommender systems. Recommender
systems work very well to items that have a high number of ratings. However,
many items have not got enough ratings. This problem is called the long-tail
problem, and it is a distribution problem where a few elements have many
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Figura 7.2: Long tail problem. Representation of the number of ratings that
each film has in the MovieLens dataset.

ratings, and many items have few ratings (Park y Tuzhilin, 2008). Figure 7.2
shows an example of the long-tail problem in the MovieLens dataset.

In the literature, there are some solutions to resolve this problem. Possible
solutions are clustering algorithms (Park, 2012), matriz factorization (Jing et
al., 2015), or graph-based algorithms (Shi, 2013). In addition, we found hybrid
techniques to resolve this problem (Domingues et al., 2013; Alshammari et
al., 2017).

7.1.2.3. Cold-start problem

The last problem studied was the cold-start problem. It is a common pro-
blem in recommender systems when there is not enough information about
items or users to make a recommendation (Park y Chu, 2009). It occurs, for
example, when a new movie is introduced in a recommender system. This
movie has not got enough ratings to include it in a recommendation.

This is one of the problems most studied in recommender systems. In
Zhang y Lee (2010), authors propose to add social tags in users and items
descriptions to use them when a user or item is in the cold-start problem.
Other works, like Lika et al. (2014), try to classify new users in groups to
make the first recommendations. However, like sparsity and long-tail pro-
blem, a common solution is to use hybrid recommender systems (Popescul
et al., 2001; Schein et al., 2002).

Based on the literature, in this Ph. D. thesis we studied solutions for the
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Framework Language Year CF CB ML UI DE EV DP
Lenskit Java 2011 X X X
MyMediaLite C# 2011 X X X X
Mahout Java, Scala 2012 X X X X
PredictionIO Java, PHP, Python, Ruby 2013 X X X X X
HapiGer Node.js 2015 X X
LightFM Python 2015 X X X
LibRec Java 2015 X X X X
jCOLIBRI Java 2015 X X X X
RankSys Java 2016 X X X
LIBMF R 2016 X X
RecDB SQL 2017 X X
Surprise Python 2017 X X X
Rexy Python 2017 X X X
QMF CH++ 2017 X X
SpotLight Python 2017 X X
CaseRecommender Pyhton 2017 X X X
proNet-core CH++ 2017 X
Seldon Java, Python, R, PySpark 2018 X X X
Oryx v2 Java 2018 X X X X
Tensorrec Pyhton 2018 X X
recommenderlab R 2018 X X X

Tabla 7.1: Comparison of open source or academic frameworks to create
recommending systems from 2011

cold-start problems. This is due to it is one of the most common problems
in recommender systems and, also, it is common in CBR systems.

7.1.3. Frameworks to build recommender systems

The next step to understand how to build a recommender system is
to analyze the available frameworks to develop these systems. The results
of this analysis allow us to design the platform of objective O-5. Table 7.1
contains the results of this analysis in 21 different frameworks. First, we have
analyzed which techniques include each framework between collaborative
filtering (CF'), content-based (CB), or machine learning (ML). Next, we
have enumerated which frameworks contain a graphic user interface (UI) to
help users in the developing process. The next features analyzed were if users
can develop new algorithms in each framework (DE), which one has methods
to evaluate the recommender systems (EV), and, finally, which framework
has tools to deploy automatically de system developed (DP).

A detailed review of our analysis is in Chapter 15 (Jorro-Aragoneses
et al., 2020). This section only enumerates the main conclusions obtained
in this analysis. First, we have observed that the most implemented algo-
rithms are collaborative-filtering and machine learning. The main reason for
collaborative-filtering is because it is the most popular algorithm to imple-
ment a recommender system based on rating. The case of machine learning
is different. At present, machine learning techniques are trendy due to the
amount of information that exists. Some of these frameworks use web services
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to execute the machine learning algorithm like TensorFlow or Apache Spark.
On the other hand, the content-based technique is the least implemented by
the analyzed frameworks.

Another conclusion obtained in this analysis was that most of these fra-
meworks are oriented to people with a high level of programming skills. We
can see that only two of them contain a graphic user interface: PredictionlO
(Chan et al., 2013) and jJCOLIBRI (Recio-Garcia et al., 2008). Also, we can
observe that only four of them have a tool to deploy the systems imple-
mented. The main reason is that it is difficult to automate the developing
process. However, a feature common in most of these frameworks is that
they contain methods to evaluate the recommender systems implemented. It
is important to know the quality of the techniques used.

7.2. Study of creation of a recommendation system

The next step to complete the main objective of our thesis was to unders-
tand the steps needed to develop a recommender system. For this reason, we
defined the objective O-2:

Objective 2 (0-2)

Developing a recommender system as a case study that uses con-
textual information and allow to test the concepts included in the
theoretical model.

To achieve this objective, we implemented a context-aware recommender
system of leisure plans in Madrid. The name of this recommender system is
Madrid Live. It suggests a set of leisure activity to users based on their
preferences, their contextual information, and the information about the
available activities. This recommender system was a case of study to evaluate
the model proposed in objective O-4 and test different components and
functionalities to add in this type of systems.

Madrid Live uses the user contextual information as well as user pre-
ferences and activities description. The plans recommender in Madrid Live
contains a set of leisure activities with a timetable that indicates the moment
to do each leisure activity. Chapter 9 (Jorro-Aragoneses et al., 2017b) inclu-
des a detailed description of Madrid Live, and Chapter 12 (Jorro-Aragoneses
et al., 2018) describes a version where we included temporal events, like con-
certs or sport matchs.

The recommender process of Madrid Live is implemented using a CBR
module. Figure 7.3 shows the steps in the CBR process. This module stores
the plans made by other users in the past. For each plan, the module genera-
tes a case with a description, where the activities information and contextual
restrictions are included, and a solution that saves the set of activities and its
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Figura 7.3: CBR module process in the Madrid Live recommendation system.

timetable. The CBR module starts receiving a query that contains the user
preferences and the contextual information at this moment (location, time,
weather, etc.). Next, it compares this query with the description of each case
stored in its case base. To do that, it uses a set of similarity functions that
compares each attribute. The CBR module retrieves the case most similar
to the query and returns its solution as the final recommendation.

Apart from describing Madrid Live, Chapter 9 (Jorro-Aragoneses et al.,
2017b) analyses a problem detected using the contextual information. We
observed that the CBR module retrieves cases with low similarity respect
to user preferences. In this chapter, we explain that if we apply too many
contextual restrictions, we remove more plans, and we retrieve plans with
less satisfactory according to user profile. In addition, these problems do not
depend on the number of restrictions. There are some contextual restrictions,
like location, that filter more cases than others and make that the recom-
mendation has a less similarity respect the user preferences. To resolve this
case, we proposed an explanation system to describe to the user the diffe-
rences between the best plan, based exclusively on the user preferences, and
the final recommendation.

However, this is not the unique problem founded in our recommender
system. In the next section, we describe different solutions proposed to re-
solve a common problem in CBR systems and our recommender system: the
cold-start problem.
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7.3. Solutions proposed to resolve the cold-start pro-
blem

As we explained in Section 7.1.2, the cold-start is a common problem
in recommender systems. This problem appears when there is not enough
information to calculate a recommendation. For this reason, in our thesis,
we propose the objective O-3:

Objective 3 (0-3)

Developing different solutions to resolve the cold-start problem in
recommender systems.

To complete this objective, we have proposed some solutions based on the
case base configuration in CBR systems. We take this decision because our
recommender system, Madrid Live, was implemented using a CBR system,
and the cold-start is a common problem in the CBR systems too. We have
classified the solutions into two groups: solutions to the cold-start problem in
users’ information, and solutions to the cold-start problem in items solutions.
Next, we explain the solution proposed in each group.

7.3.1. Cold-start problem in user information

A significant difficulty in recommender systems occurs when there is not
enough information of a user to recommend items. For example, when the
user does not have enough ratings to know his/her preferences.

In this thesis, we have studied this problem using a module that we in-
cluded in Madrid Live. This module, called PhotoMood, detects users’ emo-
tions using images of their faces. Chapter 11 (Jorro-Aragoneses et al., 2015)
describes how works PhotoMood to detect two emotions: like and dislike.
In summary, PhotoMood has two stages. The first stage is an imagen pre-
processing to detect the user gestures in the picture and save their positions
in eight vectors, one vector for each gesture. The next step is a CBR module
that recognizes the user’s emotion.

Figure 7.4 shows how works the CBR module. It contains a case base
where it stores a set of gestures with its corresponding emotion. To detect the
user’s emotion, it receives the vectors generated by the image pre-processing
step. Next, it compares these vectors with the vectors stored in the case
base, and it retrieves a set of the most similar cases. Next, it uses a voting
strategy to determine the emotion of the query based on the emotions of the
retrieved cases.

In this module, the cold-start problem appears when the case base does
not have enough images to detect the user’s emotion. To resolve this pro-
blem, we proposed two modifications in PhotoMood (Jorro-Aragoneses et
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al., 2014). The first one was to set a weight to each gesture to indicate which
gestures are more important for each user when the user expresses an emo-
tion. We used a genetic algorithm to train the best weight configuration for
each user and another general configuration for all users. The second modi-
fication was to create two types of case bases: a personal case base and a
general case base. The first one only contains images from the same user,
and the second one includes 300 pictures of anonymous people. With the-
se modifications, we concluded that the best precision to detect emotions is
achieved the user weight configuration with the personal case base. However,
the results showed that the precision of the general case base with the gene-
ral weight configuration is high and could be used to resolve the cold-start
problem.

Later, we described the complete system and we performed another ex-
periment to compare PhotoMood with other work. Photomood and this ex-
periment are explained in Chapter 11 (Jorro-Aragoneses et al., 2015). The
experiment consists on comparing the error detecting emotions using a spe-
cific dataset. In this experiment, PhotoMood had worse results than other
solutions. The main reason was that PhotoMood could not detect many
different emotions like anger or disgust. However, PhotoMood is used in a
recommender system, and some of these emotions were not necessary to de-
tect. For this reason, we grouped the images into three groups: surprise, like,
and dislike. In addition, we improve the general case base to use in the cold-
start problem. To do that, we designed different case bases where each one
contained images of users with the same features, as sex or age,. The of these
case bases allowed us to detect emotions with good results.

Therefore, we proposed different representations of a case base using the
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information of anonymous people to resolve the cold-start problem. In these
cases, this information was images, but, it can be extrapolated to other
information. For example, make anonymous preference profiles. In addition,
it is possible to create different case bases depending on the users’ features.

7.3.2. Cold-start problem in items information

Another problem resolved in this thesis was the cold-start problem in
the catalog of items. This problem appears when there are not many items
to recommend. This problem was analyzed using Madrid Live again. As is
explained in Chapter 12 (Jorro-Aragoneses et al., 2018), the main goal was
to create a set of plans and use them as an initial case base for Madrid Live.

The cases in Madrid Live should respect two important features. The first
one is that the cases should represent most of the contextual restrictions and
cover a significant number of situations. The second one is that each plan
should have a logical order in its activities. The main advantage of a case base
with real plans is that they were validated by other users, and the activities
order was logical. There is an implicit knowledge that it is not necessary to
model.

Taking into account these restrictions, we proposed a methodology to
build an initial case base for Madrid Live. The first step in this methodology
was to create a set of pseudo-aleatory plans. Each plan should respect a
contextual restriction configuration, and then we complete it with random
activities. In this step, we created 300 leisure plans. The next step was to
evaluate this plan. In this evaluation step, we used the Elo test (Elo, 1987)
to make a ranking of best leisure plans. This test showed two plans with the
same contextual restriction, and a user selects which one prefers. Based on
these votes, we obtained the Elo ranking to classify the plans.

We observed that we could use 50 % of cases as in the initial case base.
However, we should evaluate the coverage and density of the case base to
know the probability of recommending a plan in any situation. In both mea-
sures, we observed that we cover most of the recommendations if we change
any activity of a plan. This was a good result because some of the activities
included in plans are temporal events that do not repeat in the future, for
example, music concerts. In summary, this methodology is valid to create an
initial catalog of items to recommend because it covers many situations and,
using the test Elo, we found a method to obtain the best plans based on the
users’ opinions. This solution allows us to resolve the cold-start problem in
the items domain.
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7.4. Platform to build a recommender system

After the contributions of all these objectives, we were ready to complete
the main objective of this Ph. D. thesis: implementing a knowledge-based
platform to build recommender systems. The first step to develop this plat-
form was to create the necessary knowledge to use in our platform. For this
reason, we defined the objective O-4:

Objective 4 (O-4)

Designing a component-based model to describe the recommender
system building process and implement it in an ontology to use it in
the platform of objective O-5.

Next, based on this model, we could implement the platform. It was
defined in objective O-5:

Objective 5 (O-5)

Developing a platform to helping users in designing, developing, and
deploying recommender systems based on the theoretical model ob-
tained in objective O-4.

In this section, we explain all contributions obtained in each specific ob-
jective. First, we explain the model that describes how to build recommender
systems. Next, we describe the methodology and tools proposed to complete
the last objective.

7.4.1. A theoretical model to build recommender systems

The first step to develop a knowledge-based platform to build a recom-
mender system is to create the knowledge used in this platform. In this case,
we proposed to create a model that describes how to build a recommender
system based on the contributions obtained in the previous objectives. This
model should apply some features to use it in the final platform. The first
feature is that it must define all functionalities inside recommender systems
and encapsulate each one in a component. Another feature is that it should
contain a set of rules that defines how to combine these components. Finally,
it has to be represented in a format where external applications can use it.

To design the model, we decided to use the model based on components
design pattern because this type design reduces the costs in the implemen-
tation of complex systems (Szyperski, 2000). The two main reasons are: the
components can be reused in multiple systems, and each component has
concrete functionality, and it eases the development process (Heineman y
Councill, 2001).
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As a result, we implemented RECONTO, an ontology that describes dif-
ferent components used in recommender systems and a set of logic rules that
define the relationship between components. RECONTO defines a common
vocabulary that designers and developers can be used to build recommender
systems, and is independent of each domain. RECONTO was implemented
using Ontology Web Language (OWL) to use this model in external appli-
cations.

We divided the developing process of this model in two steps. The first
step consists of identifying all components used in recommender techniques.
To do that, we have divided up the operation of each recommendation tech-
nique in atomic operations, and for each one, we define a component. In
the next step, we describe the set of rules that describe how to join these
components and the incompatibilities that exist.

During this thesis, we worked with two versions of RECONTO. The first
one, described in detail in Chapter 13 (Jorro-Aragoneses et al., 2017a), was a
theoretical model based on the related work analysis. This version contained
some terms that were especially complex to use in the classification of the
components — for example, the fundamental categories of input data. We
evaluated this version classifying a real recommender system and its compo-
nents using RECONTO. This version allowed us to have a detailed definition
of each component.

However, we simplified it in the second version to include RECONTO
in the RECOLIBRY SUITE platform. In this version, defined in Chapter 15
(Jorro-Aragoneses et al., 2020), we simplified some descriptions, and we ad-
ded some rules to determine the order of component selection to build recom-
mender systems. Currently, the second version of RECONTO is in a public
repository! for consultation or extension.

7.4.2. RECOLIBRY SUITE

The build process of a recommender system contains a set of complex
tasks. In addition, designers and developers should have a high level of know-
ledge about recommender systems and the different ways to implement them.
For this reason, we have proposed to create a knowledge-based platform to
help users to build recommender systems as our main objective in this thesis
(O-5).

The result of this objective have been RECOLIBRY SUITE, a developing
methodology and a set of tools that help users in the desinging, developing,
and deploying processes. RECOLIBRY SUITE contains three tools, Figure 7.5
shows them. The first one is RECOLIBRY-CORE, a JAVA framework that
implements the components defined in RECONTO and the architecture to
combine them. Next, RECOLIBRY-STUDIO is a graphical user interface that

"https://github.com/UCM-GAIA /RecOnto
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Figura 7.6: Workflow in RECOLIBRY SUITE to develop recommender systems

assists users in the building process of recommender systems. The last tool
is RECOSERVER that deploys automatically all recommender systems done
by the above tools.

Next, we explain the methodology and the tools of RECOLIBRY SUITE.
Finally, we summarize the evaluation of this platform.

7.4.2.1. Methodology to build recommender systems

We have defined the development process of recommender systems in
four stages (Figure 7.6). The first one is to determine the knowledge availa-
ble to generate recommendations, that is, identify the information used by
the recommender system. The next step is to define the input and output
of the final system. In this stage, users should describe what information
will insert in the recommender system and how they want to obtain the re-
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commendations, based on the knowledge defined in the before step. When
users have completed both stages, the systems can help users in the algo-
rithm selection step. This step is guide by the ontology described in Section
7.4.1. Our platform suggests a set of suitable algorithms to users based on
the information introduced. The final step is to deploy recommender systems
using the components defined before. In Chapter 15 (Jorro-Aragoneses et al.,
2020), we explained each stage including some examples.

The RECOLIBRY SUITE tools cover these steps in different ways. RECO-
LIBRY-CORE and RECOLIBRY-STUDIO cover the three first stages to different
user profiles. RECOLIBRY-CORE is oriented to users with high programming
skills, and, on the other hand, RECOLIBRY-STUDIO is for users who prefer to
use a graphical user interface. The main task of RECOSERVER is to automate
the deploying stage in the systems built-in RECOLIBRY SUITE. Also, RE-
COSERVER creates a set of web services to use the recommender system in
external applications. In the next sections, we describe briefly the three tool
included in RECOLIBRY SUITE.

7.4.2.2. RECOLIBRY-CORE

RECOLIBRY-CORE, Chapter 14 (Jorro-Aragoneses et al., 2019), is a JAVA
framework that implements the functionality of all components defined in
RECONTO. In addition, it contains the architecture necessary to combine
these components and built the final recommender systems.

RECOLIBRY-CORE defines a schema of recommender systems using a set
of interfaces and abstract classes. This schema manages the workflow to
execute the recommender systems correctly. The correct order is: initialize
the recommender system, compute a recommendation from a query, and
close the system safely. Figure 7.7 shows the UML diagram with the classes
that define the main scheme of a recommendation system in RECOLIBRY-
CORE. The main component is the RecommenderSystem class. It defines a
recommender system based on three elements:

» RecommenderAlgorithm: This interface defines a set of methods neces-
sary in a recommender algorithm to include it in RECOLIBRY-CORE.
These methods are the steps defined in the RecoLibry workflow.

» Query: It is an interface to define the queries structure to use them in
recommender systems. It defines queries as bean (pojo) objects.

= RecommenderResult: This class stores the results generated by a re-
commender system. It contains the recommended item and a recom-
mendation value that its value depends on the algorithm selected.

In Chapter 14 (Jorro-Aragoneses et al., 2019), we described in detail the
full scheme of RECOLIBRY-CORE and how to build a recommender system
with this scheme.
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Our framework reuses the implementations of recommendation techni-
ques from third-party libraries. However, it does not use this implementa-
tion directly. RECOLIBRY-CORE acts as a wrapper the encapsulates these
implementations to apply them in the components scheme. In the current
version, RECOLIBRY-CORE uses components to build content-based recom-
mender systems, based on the jJCOLIBRY framewrok, and collaborative fil-
tering methods, based on the Apache Mahout library.

To facilitate the creation of recommender systems using components, RE-
COLIBRY-CORE uses the dependency injection programming pattern. This
pattern allowed us to define how to combine all components to make dif-
ferent types of systems. Another advantage of this pattern was that it is
possible to create a recommender system using a few lines of code or writing
a configuration file. The dependency injection pattern was implemented with
the Google Guice library (Vanbrabant, 2008).

RECOLIBRY-CORE is available in a public repository?. This repository
includes a development guide with additional details and a set of examples
to build recommender systems with this framework.

https://github.com/UCM-GATIA /RecoLibry-Core
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7.4.2.3. RECOLIBRY-STUDIO

Create a recommender system using RECOLIBRY-CORE can be difficult
for users with low experience developing systems. For this reason, we inclu-
ded RECOLIBRY-STUDIO. This tool consists on a web application that users
can build recommender systems using visual elements. Also, it contains an
intelligent assistant that, based on the model described in RECONTO, gui-
des the designers to select the recommender algorithm. Another feature of
RECOLIBRY-STUDIO is that it can check the correctness combination of com-
ponents selected by the user.

The recommender design process in RECOLIBRY-STUDIO has the same
four stages defined in Section 7.4.2.1. For each stage, the application shows
a page to complete the necessary information. Finally, when designers com-
pleted all stages, they can download a configuration file to instate the re-
commender system with RECOLIBRY-CORE or deploy it in RECOSERVER.

In Chapter 15 (Jorro-Aragoneses et al., 2020), there is a detailed descrip-
tion of all designing stages in RECOLIBRY-STUDIO. It explains the process
using an example to create a movie recommender system using the Movie-
Lens dataset.

7.4.2.4. RECOSERVER

The last tool within RECOLIBRY SUITE is RECOSERVER. Its main goal
is to deploy automatically recommender systems created with these tools in
a web server. For each recommender system, it deploys a RESTful API and
a web application. The API acts as the back-end of recommender systems to
use it in external applications. The web application deployed allows designers
to test the recommender system designed.

RECOSERVER uses Docker technology (Merkel, 2014) to create, deploy,
and run recommender systems in containers. A container is a light version of
a virtual machine because it only contains the operating systems services re-
quired by the application. All recommender systems deployed in RECOSER-
VER has the same scheme: an Apache Tomcat server to run the application,
a MySQL database to store the system information, a RECOLIBRY-CORE
instance to build the systems, and the configuration file that defines the
components used.

When RECOSERVER deploys the container, it creates a unique URL to
access both the web application and web-services. Designers have a web site
where they can see how to call each service included in the recommender
system API. Chapter 15 (Jorro-Aragoneses et al., 2020) explains in detail all
these features.

As we have explained, RECOLIBRY-STUDIO contains a set of tools that
ease the build process of recommender systems. They cover all the necessary
stages in the developing process. Next, we summarize the evaluation done to



7.4. Platform to build a recommender system 97

Design

RecolLibry Studio

Mahout L 6.2%

20% 40% 60% 80% 100%

M Impossible M > 1week 1week [ 1day-1week M <1day

Implementation

RecolLibry Studio 18.8%

0% 20% 40% 60% 80% 100%

M Impossible M > 1week 1week [ 1day-1week M <1day

Figura 7.8: Estimated time to design (top) and implement (bottom) a re-
commender system using each framework.

RECOLIBRY-STUDIO.

7.4.2.5. Evaluation of RECOLIBRY-STUDIO

To evaluate our platform, we evaluated the RECOLIBRY-STUDIO tool. In
this section, we enumerate the main results, and the conclusions obtained,
although the detail of this experiment and its results are described in Chapter
15 (Jorro-Aragoneses et al., 2020).

Thirty-two users participated in this experiment. All of them had a ba-
sic level in developing applications. In this experiment, we explained how
to build a movie recommender system using three different frameworks:
Mahout, JCOLIBRI, and RECOLIBRY-STUDIO. Next, they completed a ques-
tionnaire where they marked how long they could take to develop a recom-
mender system with each framework, and which one of them understood
better.

One of the objectives that we defined in RECOLIBRY SUITE tools was
increasing the efficiency to design and implement a recommender system.
Based on the users’ answers that Figure 7.8 shows, we could observe that
users considered RECOLIBRY-STUDIO can reduce the time to build recom-
mender systems. In the design process (Figure 7.8, top chart), 28.1 % percent
of users considered that they spent less than one day to build a recommender
system in RECOLIBRY-STUDIO. Only 6.2 % of users considered the same with
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Mahout. In the developing process (Figure 7.8, bottom chart), we obtained
similar results. 21.9 % of users considered spent less than one day to deve-
lop a recommender system in RECOLIBRY-STUDIO, and 3.1 % using Mahout.
Although these answers were estimations, we could conclude that RECOLI-
BRY-STUDIO improves the efficiency of building a recommender system.
Another objective of RECOLIBRY-STUDIO was that users should unders-
tand better how to build and work recommender systems. The top chart in
Figure 7.9 (top chart) shows that Mahout seems to be easiest to understand
(56.6 %), followed by RECOLIBRY-STUDIO (46.9 %) and jCOLIBRI (25 %).
This result may be caused because we are comparing two programming fra-
meworks (Mahout and jCOLIBRI) with a graphics tool (RECOLIBRY-STU-
DIO) that encapsulates the behavior of our library. On the other hand, Figu-
re 7.9 (bottom chart) shows that users considered RECOLIBRY-STUDIO easy
or very easy to build recommender systems (37.5%), followed by Mahout
(21.9%) and jCOLIBRI (12.5%). This result confirmed our hypothesis that
RECOLIBRY-STUDIO could be a simple tool to build recommender systems.
Despite these results, there are subjective opinions, and they can produce
some threats. We decided to realize this experiment because it is complicated
to prepare another with more objective measures, for example, measure the
time of developing a recommender system with each framework. In this case,
it is necessary for a group of users with the same level of programming skills,
and, probably, it could spend more than one day. Both features make other
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problems like the bias of users’ knowledge and the fatigue of them. After an
analysis of different approachs, we found our evaluation methodology a good
solution to evaluate our system to a higher number of users and to make this
in a one-day session.






Chapter 8

Conclusions and Future Work

The main objective of this Ph.D. thesis is to create a knowledge-based
platform to help users with different programming levels to build recommen-
der systems. To complete this objective, we define preliminary objectives
to understand how recommender systems work and the necessary steps to
build them. This chapter lists all results obtained for each objective defined
at the beginning of this Ph.D. thesis. Part III collate all publications where
we showed these results to the scientific community.

In this chapter, we make a summary of our contributions, and we analyze
the conclusions obtained in our research work. In Section 8.1, we summary
the objectives raised and the contribution made for each one. Next, Section
8.2 proposes some future research lines that could be raised from our work.
Finally, we present some closing conclusions of this Ph. D. thesis in Section
8.3.

8.1. Contributions summary

In this section, we have enumerated all objectives defined in our research.
For each objective, we have included a short description and a list of contri-
butions. We have enumerated this information in the following list:

= Objective 1 (O-1): Understanding the recommender system
building process. It is necessary to analyze techniques used in
recommender systems, identify problems in the building pro-
cess, and analyze the features of common frameworks used
to build these systems. In Section Section 7.1.1, we have exami-
ned different recommender techniques and the most critical problems
founded in these systems. Also, in Section 7.1.3 and Chapter 15 (Jorro-
Aragoneses et al., 2020), we have presented a detailed study of common
frameworks used to build recommender systems.

e Contribution 1: Study of classic and context-aware re-
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commender systems, including the different techniques
that they use. In Section 7.1.1, we have analyzed the most com-
mon implemented recommender systems. In this study, we have
enumerated different classic recommender systems used, and we
have had a review of different techniques that include contextual
information.

e Contribution 2: Classify and analyze the main problems
founded in the implementation process of recommender
systems, including some solutions founded in the litera-
ture. In Section 7.1.2, we have made a study of the most com-
mon problems founded in the developing process of recommender
systems. We have foucused in sparsity, long-tail, and cold-start
problems.

e Contribution 3: Study of different frameworks to build
recommender systems. This study classifies their featu-
res, and it allowed us to define the features of our plat-
form developed to O-5. In Section 7.1.3 and Chapter 15 (Jorro-
Aragoneses et al., 2020), we have made a study of all open-source
and academic frameworks made since 2011. For each framework,
we analyzed the following features: techniques included, the inclu-
sion of a graphical user interface, the possibility of implement new
techniques, tools to evaluate the systems developed, and tools to
deploy them automatically.

» Objective 2 (O-2): Develop a recommender system as a ca-
se study that uses contextual information. This recommender
system allows testing the components to include in the theore-
tical model to implement in O-4. In Section 7.2, we have described
a context-aware recommender system implemented as a case study.

e Contribution 4: Develop a context-aware recommender
system of tourist and leisure plans in Madrid. Section 7.2
describes Madrid Live, a context-aware recommender system that
recommends tourist and leisure plans in Madrid. It uses the user
preferences and the contextual information to return a tourist
plan. Chapter 9 (Jorro-Aragoneses et al., 2017a) explains Madrid
Live in detail.

» Objective 3 (0-3): Develop different solutions to resolve the
cold-start problem in recommender systems. Section 7.3 des-
cribes a set of proposed solutions to resolve the cold-start problem.
In Section 7.1.2, we explain that it is the most common problem in
recommender systems.
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e Contribution 5: Propose a CBR method to resolve the
cold-start problem in the user information of recommen-
der systems. In Section 7.3.1, we propose a solution to resolve
the cold-start problem in users’ information. In this case, we pro-
pose a methodology to build different case bases and infer mis-
sing information with anonymous users. We have presented this
methodology in Chapter ?? (Jorro-Aragoneses et al., 2014) and
Chapter 11 (Jorro-Aragoneses et al., 2015).

e Contribution 6: Propose a methodology to build an initial
case-based to resolve the cold-start problem in the items
information of recommender systems. Section 7.3.2 contains
the description of a methodology to build an initial case base to
the Madrid Live system. This methodology uses user reviews to
make a set of cases to resolve de cold-start problem in the items
catalog. Chapter 12 (Jorro-Aragoneses et al., 2018) describes this
methodology.

» Objective 4 (O-4): Design a component-based model to descri-
be the recommender system building process and implement
it in an ontology. After the results of O-1 and O-2, we have to build
a theoretical model that describes how to build recommender systems
using components. Section 7.4.1 describes this model.

e Contribution 7: Propose an ontology to define the buil-
ding process of recommender systems based on compo-
nents. In Section 7.4.1, we explain RECONTO, an ontology to
model recommender systems using components. This ontology
defines the functionality of each component and a set of depen-
dencies to combine them. We have presented this ontology are
the Chapter 13 (Jorro-Aragoneses et al., 2017a) and Chapter 15
(Jorro-Aragoneses et al., 2020). Also, we have published REC-
ONTO in a public repository!.

= Objective 5: Develop a platform to help users designing, de-
veloping, and deploying recommender systems based on the
theoretical model. It was the main goal defined in our research. Sec-
tion 7.4 presents RECOLIBRY SUITE, a methodology and a set of tools
to build recommender systems. This platform contains three tools de-
veloped to cover the steps described in this methodology.

e Contribution 8: Create a framework to build recommen-
der systems based on the components defined in the theo-
retical model. In Chapter 4, we describe the first tool of our

"https://github.com/UCM-GAIA /RecOnto



104 CHAPTER &. Conclusions and Future Work

platform: RECOLIBRY-CORE. This tool is a JAVA framework that
implements the components defined in the theoretical model and
implements the architecture to combine them. Chapter 14 (Jorro-
Aragoneses et al., 2019) and Chapter 15 (Jorro-Aragoneses et al.,
2020) describe this framework in detail. Also, this framework is
public?, and developers can use it. This repository contains a user
manual and some recommender systems as examples.

e Contribution 9: Develop a graphical user interface to de-
sign and build recommender systems in a semi-automatic
way. The second tool is RECOLIBRY-STUDIO. It is a web appli-
cation that assists users in the building process of recommender
systems. The tool is oriented to users with a low programming
skill level. Chapter 4 and Chapter 15 (Jorro-Aragoneses et al.,
2020) explains how works RECOLIBRY-STUDIO.

e Contribution 10: Develop a deploy mechanism using web
services to execute the recommender systems automati-
cally from a configuration file. The last tool is RECOSERVER.
It is a server configuration that deploys automatically all recom-
mender systems build by RECOLIBRY-CORE and RECOLIBRY-
STUDIO. RECOSERVER builds an API to use the recommender
systems in external applications. Chapter 4 describes how RE-
COSERVER works. Also, this contribution was presented in Chap-
ter 15 (Jorro-Aragoneses et al., 2020).

Although we have completed all objectives proposed in this Ph. D. thesis,
there are some research lines to continue our work in the future. In the next
section, we present these research lines.

8.2. Future Work

After finishing this Ph. D. thesis, we propose the next lines of future work
that could be interesting to improve the recommender system Madrid Live
and the platform RECOLIBRY SUITE, and we think it is worth to investigate.

8.2.1. Knowledge adaptation to accesible tourism plans

One of the advantages of using a CBR system in Madrid Live is that
it allows us to obtain an implicit knowledge about tourism plans, as we
explained in Section 7.2. However, it is not easy to add more knowledge in
the system, for example, accessible plans. There are two main methods to
resolve this problem. The first one is creating a new case base where each
case contains the new information. The second one is to add an adaptation

https://github.com/UCM-GAIA /RecoLibry-Core
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Figura 8.1: Proposed adaptation process to include accessible activities in
the returned tourist plans at Madrid Live.

process in the recommender system to modify the recommended plan based
on new knowledge.

In Chapter 10 (Jorro-Aragoneses y Bautista-Blasco, 2018), we analyse
this second method and we proposed to include a new adaptation step in
Madrid Live. This adaptation step can modify the real plans obtained by
Madrid Live to make these plans accessible. The main goal is to reuse the
implicit knowledge contained in Madrid Live and change the activities that
are not accessible.

Figure 8.1 shows a schema of the adaptation process module proposed.
This module receives a plan recommended by Madrid Live. Next, the new
module search for which activities are not accessible, and it replaces each
one to other accessible activities. The adaptation module uses taxonomy to
replace these activities with other similar activities.

8.2.2. Explanation system in RECOLIBRY-STUDIO

In Section 7.4.2.3, we have explained that RECOLIBRY-STUDIO is oriented
to users who do not have a high level of knowledge in recommender systems
and their building process. For this reason, RECOLIBRY-STUDIO uses the
ontology RECONTO to filter the recommender techniques that a designer can
apply based on the components defined before. However, we could include
in RECOLIBRY-STUDIO a system to explain why it is shown some techniques
and not others.

In the last years, the explainable intelligent system research area has been
growing, as it is explained in Miller (2019). The first reason for this growth
is because the inclusion of explanations in intelligent systems increases the
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trust of users. Also, if we included explanations in RECOLIBRY-STUDIO, we
could use it as a tool to learn how to build a recommender system. One
way to do that is to analyze the set of dependencies in RECONTO. Based on
this analysis, we can generate an explanation understandable by the user.
We could work in methodologies to obtain the RECONTO dependencies that
filtered a technique, and how to show it to a user in RECOLIBRY-STUDIO.
This explanation system would open up a wide range of possibilities to guide
the work to improve RECOLIBRY-STUDIO.

8.2.3. Data analysis tools in RECOLIBRY SUITE

We have explained in Section 7.1.1 that some recommender techniques
have modifications to resolve some data problems. For example, when a
recommender system has the cold-start problem, as we have explained in this
thesis. A possible improvement in RECOLIBRY SUITE could be including a
tool to analyze the data used in a recommender system. This tool could help
users detecting data problems like sparsity, long-tail distribution, unused
attributes, etc. Also, users could modify a dataset with this tool.

A data analysis tool can be included as a step in RECOLIBRY-STUDIO to
improve the filter of recommender techniques. Currently, RECONTO supports
the classification of recommender techniques based on data features. It could
increase the catalog of recommender techniques included in the platform RE-
COLIBRY SUITE.

8.2.4. Facilitate the inclusion of new components in RECOLI-
BRY SUITE

In the platform presented in this Ph. D. thesis, there are two tools whe-
re the components of recommender systems are defined. Firstly, RECONTO
contains theoretical descriptions of each component, and it defines the rela-
tionship with the other components. On the other hand, RECOLIBRY-CORE
implements the functionality of these components to build the final recom-
mender systems. This design has a problem when a developer wants to add
a new component. Currently, it should add this component into both tools.
Especially if the developer wants to use the new component in RECOLIBRY-
STUDIO.

To resolve this problem, we could work in two different ways. The first
one is creating a system that updates the components information in REC-
ONTO based on the new complements implemented in RECOLIBRY-CORE.
Another possibility is developing a system that writes a component templa-
te in RECOLIBRY-CORE based on the information included in RECONTO.
Then, the developer should implement the functionality of this component.
Both ways have as objective to facilitate to software developers and scientific
community improve the RECOLIBRY SUITE platform with new recommender



8.3. Closing conclussions 107

techniques because the area of recommender systems is large and in conti-
nuous development.

8.3. Closing conclussions

In conclusion, we implemented RECOLIBRY SUITE, a knowledge-based
platform to help users in the building process of recommender systems. Based
on the contributions presented in this Ph. D. thesis, that are collected in the
publications presented in Part III, we have the following conclusions:

1. Our research work makes a complete study of the related work, and it
allows us to make a theoretical model that describes the recommender
system domains.

2. We propose novel methodologies to resolve the cold-start problem.

3. The theoretical model explains in detail how to build recommender
systems. Also, this model creates a unique vocabulary to define all
components included in recommender systems.

4. The tools of RECOLIBRY SUITE and the developing methodology help
to users in the recommender system building process, including users
with a low programming skill level.

5. The theoretical model and the framework are available in a public
repository.

6. All results of our research have been presented to the scientific com-
munity.

After an analysis of the recommender systems developing process, we
have researched to define a model and implement a set of tools to facilitate
the building process of these systems. Also, we have demonstrated that our
platform simplifies the developing process to users with different profiles.
However, there are many features to improve, and we could add more enga-
ging functionalities. In this Ph. D. thesis, we have successfully resolved all
objectives proposed at the beginning of our research, and we have provided
some ideas to expand our work in the future.
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Capitulo 9

Madrid Live: a context-aware
recommender system of leisure
plans

9.1. Cita completa

Jose L. Jorro-Aragoneses, Belén Diaz-Agudo, Juan A. Recio-Garcia. Ma-
drid Live: a context-aware recommender system of leisure plans. Proceedings
of 29th IEEE Conference on Tools with Artificial Intelligence. Boston, United
States. November 2017. P. 796-801.

9.2. Contribuciones de la publicaciéon

En esta publicaciéon, presentamos el sistema recomendador Madrid Live.
Madrid Live es un sistema recomendador que utiliza informacién contextual
para devolver a los usuarios planes turisticos en tiempo real. El desarrollo
de Madrid Live nos ha servido para comprender cémo es el desarrollo de un
sistema recomendador. Ademés, en esta publicacién se incluye un analisis
donde se observa como afecta la informacién contextual a las recomendacio-
nes finales.

9.3. Contributions covered by this publication

In this publication, we present the recommender system Madrid Live.
Madrid Live is a recommender system that includes contextual information
to return tourism plans to users. The development of Madrid Live helps us
to understand how to build real recommender systems. Also, in this publica-
tion, we include an analysis of how contextual information affects the final
recommendations.
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Abstract—Classical recommender systems focus on recom-
mending the most relevant items to users. An active area of
research proposes to complete the recommendation process by
considering additional contextual information, such as time,
location, budget, weather or social position. Researchers and
practitioners in different domains have already recognized the
great impact of contextual information in decision-making pro-
cesses. In this paper, we focus on recommenders for tourism and
leisure activities where contextual information plays a central role
to modify the initial user preferences. We present Madrid Live,
a context-aware recommender system (CARS) to recommend
leisure activities in Madrid. In Madrid Live, users state their
own restrictions and preferences to their plans. The system
recommends the set of activities that satisfies these preferences
together with the contextual knowledge. The main contributions
of our approach are the contextual recommendation and the
system explanation interface that allows the user to understand
the recommendation process.

I. INTRODUCTION

Classical recommender systems focus on either finding a
match between an item’s description and the user’s preferences
(content-based), or finding users with similar preferences
(Collaborative Filtering) [1]. However, there is an active area
of research on context-aware recommender systems (CARS)
in which the information regarding the user environment is
used in order to modify the initial user preferences. The main
goal in this research area in recommender systems consists
on taking advantage of additional factors that enrich the
input query. These additional factors are known as contextual
knowledge [2], [3].

Tourism is one of the most successful application domains
for CARS [4]. In this domain there are a high number of
different activity types and each type has different features.
Furthermore, the majority of these activity types have restric-
tions such as timetables, weather conditions, price, etc. These
dynamic properties make tourism one of the most popular
domains in context-aware recommender systems.

In this paper, we present Madrid Live. It is a context-
aware recommender system of leisure activity plans to make
in Madrid. Madrid Live takes into account the user preferences
and the contextual information of the user environment, just
when the recommendation is computed. The plans to be
recommended are representad as a timetable that contains
a collection of activities to be performed by each user. At
present, Madrid Live recommends 4 activity types in the plans:
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museums, parks, points of interest and restaurants. However,
the modular architecture of Madrid Live allows to include
further activity types in an simple way.

Including contextual knowledge in the recommendation
process allows us to dynamically generate plans according
to the current restrictions of the user. However, it has a side
effect: plans have a lower similarity to the user preferences.
Therefore, these recommendations will be unsatisfactory to
the user. However, it can be explained to the user. The system
could compute that there is a very suitable plan, with a signifi-
cant higher similarity, that has not been recommended because
of the context. The system could explain the possibilities to
the user and let him/her decide if the context restrictions and
preferences should be relaxed in order to find a more suitable
plan.

The recommender process of Madrid Live is based on
a Case-Based Reasoning (CBR) algorithm [5]. Madrid Live
stores and reuses previous plans and it recommends these plans
to users with similar preferences and contextual restrictions.
The use of local similarity functions, one similarity function
per feature used in Madrid Live to represent activities, enables
the system to retrieve the most similar cases while taking into
account the contextual restrictions and the user preferences.
This approach implies that all recommendations created by
Madrid Live accomplish all contextual restrictions and the user
preferences in an efficient way. Finally, our system has an ex-
planation module that can generate explanations based on the
similarity functions of the CBR process. These explanations
enable users to understand better the recommendations of the
system.

In addition, we research how is the impact of context in the
recommendation process. Our investigation demonstrates the
following hypotheses:

o H-1 The inclusion of context knowledge in the similarity
function decreases the similarity of retrieved cases with
respect to the user’s preferences.

o H-2 It is possible to identify which context restrictions
have a higher impact in the performance of the recom-
mendation system.

As we demonstrate in this paper, the use of context re-
strictions could return an unsatisfactory result for the user,
although this result is the unique possible. For these reason,
we implement an algorithm that generates explanations to the
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user. It explains why the system recommends a plan and how
his/her contextual information modifies the recommendation.

To explain the proposed system and demonstrate these
hypotheses, this paper is organized as follows: in Section
II, we present some related works regarding context-aware
recommender systems and the use of some CBR systems in
leisure and tourism domains. Next, Madrid Live is described in
Section III. This section explains the recommendation process
and the generation of explanations. The Section IV explains
the experiments made to demonstrate the hypotheses defined.
Finally, Section V presents the conclusions obtained in our
experiments and describes several task to be done as a future
work.

II. RELATED WORK

Commercial recommender systems, such as Tripomatic or
TripAdvisor [6], recommend items based on preferences but
they do not employ user-contextual information. Another
tourism recommender system, Aurigo, can be integrated into
review websites in order to improve the recommendations [7].

Contextual information extends the system query with infor-
mation that is not included in the user preferences. The typical
rating functions in recommender systems have two inputs:
item description and user preferences. The main goal is to
include the context in this function [8], [3]. This knowledge
is very useful in mobile devices where we can obtain large
amount of contextual information about the users [9]. On the
other hand, thanks to the growth of social networks, the social
context information can be taken into account in recommender
systems [10], [11] in order to improve the results of group
recommender systems [12].

Contextual information is used in many domains. It can be
exploited, for instance, in domains that use contextual infor-
mation in Technology Enhanced Learning (TEL) recommender
system [13], or, in a mobile recommender system [14]. One
of the first works into CARS for tourism was COMPASS
[15] which included the mobile context information in tourism
recommendations. At present, we can find some works in the
same way such as Pythia [16].

III. MADRID LIVE

In this section, we describe the CBR process. Next, we
explain how Madrid Live generates the explanations by reusing
the similarity functions used in the CBR process.

A. CBR process

Recommendation in Madrid Live uses plans performed by
other users in the past. To do this, the system uses a CBR
module. This CBR module contains a case base where every
plan performed by any user is stored. Each plan is stored as a
case and it contains 2 elements: a description and a solution.
The description is used to describe the plan, for example,
what activity types are contained in the plan, when the plan
starts, the location of the first activity, etc. The system uses
this information to search the most similar case to the user
preferences and the contextual restrictions. The solution stores
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the detailed plan that will be shown to the user after an optional
adaptation step.

To make a new recommendation, the system creates a query
that contains the contextual restrictions and the user prefer-
ences. The system compares this query to all the descriptions
of cases contained in the case base. To do that, the system
uses a similarity function that returns a value between O to 1,
where 1 means that the case description and the query contains
the same information and 0 means that the case description
and the query are not similar at all. This way, the system
retrieves the most similar case that the user has not previously
performed in the past. The solution to this case will be the
plan recommended.

Next, we will explain each element involved in this CBR
process: query structure, case structure and the similarity
functions.

1) Query structure: The query (Q) contains the information
used to find the most similar case. This query contains the
following information: (1.)- contextual information about user
obtained in the moment of the request (¢°); (2.)- the user
preferences about each activity type (museum, restaurant, park
and walks) (¢%); (3.)- the user preferences about museum types
(¢"™); and (4.)- his/her preferences about restaurant types (¢").

(M

The contextual information (¢¢) in the query is composed
of 6 attributes:

Q=<q¢%q¢"q",q >

e Start time (c}): time read in the user’s smartphone and
used to define the time to start the plan.

o Finish time (c%): the user defines the time when he/she
wants to finish the plan.

e Location (c§): geographical location of the user obtained
in the moment of the request by the GPS of his/her
smartphone.

o Weather (cj): based on the time to start the activity
and the user location the system obtain the weather
condition using a weather APL. It is a tag that defines the
weather conditions. To simplify, the weather conditions
are defined either “good” or “bad”.

e Budget (cg): a tag that represents the money that the user
expects to spend on this plan. The values are: cheap,
regular and expensive.

o Use of public transport (cg): a boolean value that indi-
cates if s/he wants to use the public transport to visit each
activity.

@3

Next, the query adds the user preferences regarding his/her
plans. The first preference attribute is the activity type prefer-
ences (g%). It stores the preferred activity types of the user. It
has 4 values: museums (af'), restaurants (a%), parks (a%) and
walks (aj). Each one is a value between 0 and 1 and they are
normalized to ensure that their total sum of them is 1.

q¢ =<ct..cg >

a

q

= <af..ay >

3



TABLE 1
EXAMPLE OF A QUERY IN MADRID LIVE

Attribute ‘ ‘ Value
Time 11:00-16:30
Public Transport Yes
User location (-3.707, 40.413)
Budget Regular
Weather Good
Favourite Activities H Walks, Restaurants and Parks
Favourite Museums H N/A
Favourite Restaurants H American

Finally, the query contains the user preferences regarding
museum categories (¢"*) and food type (¢") in restaurants.
Each one has a list of values between O to 1 that represents
the user preference of one museum category or food type. The
museum category preferences contain 12 possible values and
the food type preferences contain 6 choices.

m

q

r

q

“
(&)

Other activity types, parks and walks, do not need further
details. Table I shows an example of a query in the CBR
process.

Next, we will explain how the cases in the CBR process are
represented.

2) Case Structure: As it has been explained before, a case
(C) is composed of a description (D) and a solution (S). The
description contains the information to be compared to the
query. On the other hand, the solution is the plan returned as
the recommendation.

C

u u
<mf.miy >

<rf.rg >

<D,S > (6)

The case description (D) contains 4 attributes that sum-
marize all the features of the plan stored in the solution.
It contains: contextual restrictions (d¢), the activity types
contained in the plan (d®), the average of museum features
(d™) and restaurant features (d") contained in the plan.

D <d°d*,d™,d" >

(7

We explain the information represented each attribute in de-
tail. Firstly, the contextual restriction (d°) contains 6 attributes,
one per each contextual information category used in Madrid
Live:

e Start time (c1): time when the first activity in the plan
starts.

e Finish time (c2): time when the last activity in the plan
finishes .

o Location Type (c3): defines the location type of activities.
This information is used to determinate which cases are
better depending on the weather. The values are indoor
or outdoor.

o First Location (c4): location of the first activity in the
template.
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e Economic cost (c5): an estimation of the cost to realize
this plan. It depends on the cost of each activity, for
example, the ticket price.

o Public transport (cg): it is a boolean value to indicate that
all activities in the plan have a public transport station in
a distance lower than the maximum walking distance (7).

d ®)

The second information defined in the case description is
the activity types contained in the plan (d®). It is an array
of 4 values. Each value represents the the percentage of each
activity type contained in the plan. It has the same structure
as the activity type preferences attribute in the query (¢%).

d(l

< ¢1,C2,C3,C4,C5,C6 >

©))

Finally, the last 2 features in the case description are the
type of museums included in the plan (d"*) and the type of
restaurants (d"). Both attributes are lists of values between 0 to
1 for each category in museum or restaurant. If there is more
than one museum, the system calculates the average of all of
them in this attribute. The restaurant attribute is analogues.

am (10)

d" (11)

This is an information required to describe the cases and
search for the most similar plan to recommend. The solution

for these cases (S) is a list of concrete activities (a;) with a
start time and a finish time for each one.

S

<ai,az,as, a4 >

< mi..Mmig >

<ri.reg >

< aj..ap > 12)

Next, we will explain the similarity functions used to
compare the query and each case.

3) Similarity Functions: The query is compared to every
case in the case base. A global similarity measure (the
weighted average) aggregates the result of the corresponding
local similarity values computed for every attribute [17]. The
local similarity functions are divided into 3 groups: contextual
similarity functions (s¢my), proportional activity type similar-
ity function (sim®) and museum/restaurant similarity function
(stm™, sim”). The contextual similarity functions is defined
by 5 functions:

o Time similarity (sim{): It calculates the similarity be-
tween the timestamps defined in the query (t,), and the
times defined in the case (¢.). The difference between
both times should be lower than the threshold (o), if
not, the similarity is 0.

[tg—tel

631

0

if

if

« Public transport (sim$): Each user defines if s/he wants
to use the public transport (cg) and each case indicates if
all its activities can be reached using public transport (cg).
The similarity function returns 1 if a user indicates that
s/he wants to use the public transport and all activities in
the plan have a public transport station. In other cases,
the function returns O:

|tq - tcl S (€3]

13
|tq — tc| > (13)

Slmi (tfb tc) =



sims(cg, c) = { [1) ;;

¢ Location (sim$): The query defines the user location
(c%) using the GPS location given by his/her smartphone.
On the other hand, each case description contains the
location of the first activity (c4). The similarity function
used is based on the geographical distance between both
locations. It must be less than the threshold («s3). If this
distance is higher, the result of the similarity is equal to
the public transport similarity function.

cg V ce
1.0.C.

(14)

e [ B if B<as
szm3(63,04) = { simg(cg,CG) if B>as s
where
8 = geo_dist(ch,cq) (16)

o Budget (sim§): As we explained before, we defined 3
ordered labels to classify the budget that a user could
spend and the cost estimation of each plan. The labels
are: cheap, regular and expensive. The query contains
the user prevision (c¢) and the real template description
contains the estimation (cs). The economic similarity
function ensures that the case cost must be less or equal
to the user budget.

simg(cg,c5) =

ord(cy) — ord(cs) (17)

o Weather (simg): It defines the restrictions about weather
conditions and outdoor activities. This function compares
the weather information of the query (c}) and the location
type of the case (cg). It returns O if the weather is bad
and the templates are tagged as outdoor activities. In the
other case, it returns 1:

Coeow v JLoAf
szm5(04703)—{ 0 if i.o.c (18)
where
vo= (e =="goo)
vV (cs == “indoor”) (19)

The other similarity functions use a common equation.
They use the cosine similarity (sim’) between the vector that
represents the user preferences in the query and the templates
description described in each case.

<l
<

sim’ (u,v) = —— (20)
[ul [v|
where
u € <q¢,q"q > 21
v € <d*dm,d" > 22)

A combination of them is computed by the global similarity
function. It calculates the average of the similarity of all
attributes defined in cases and the query. These similarity
functions are divided into contextual similarity (sim®) and
preferences similarity (sim?).
sime(d¢, ¢¢) + sim? (D, Q)

2

The contextual similarity function between the query and

the cases is the average of the contextual information included

(23)

sim(D, Q) =
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in both. The preference similarity is the similarity of the
activity types proportion and the similarity of museum and
restaurant features.

6 sime
sim(d°, ¢¢) = Lﬂﬁszm’ (24)
3 -y
simP(D, Q) _ Zi:lgslmi (25)

Next, we will describe how the system generates the expla-
nations of the recommendations.

B. Explanations

In order to implement this feature Madrid Live includes the
following explanation algorithm:

o System retrieves the most similar case using context
filtering C, given a query Q).

o Next, context is ignored and the system retrieves the
most similar case Cj, using only the user preferences ()~
(query without context).

o If sim(Q—,C,) —sim(Q~,Cp) > 0 then a very suitable
case (U}, has been discarded because of the context and it
should be explained to the user.

« Explanation runs as follows:

— For every description feature d, its corresponding
value is obtained from both cases (D, and D) and
their similarity to the query is computed.

If there is a significant difference in the feature sim-
ilarity (it is higher than a threshold) |sim(d,, Q™) —
sim(dp, Q)| > 6, it means that an explanation must
be generated for that feature.

Explanations are generated as advantages and dis-
advantages. Due to the fact that several descriptions
were used to filter cases < di,...,ds > and the
remaining ones < dg, d7,dg > used to compute the
similarity to the query (), the system explains it
to the user in order to let him/her choose a more
suitable plan or a more similar one regarding his/her
preferences.

Let us illustrate this process by means of an example using
the query @ described in Table I. The Table II shows the cases
retrieved by the recommendation process. The case described
on the left is taking into account the context restrictions (C,).
The case described on the right is only taking into account the
user preferences (Cp).

In this example, the similarity of Cj to the query is signif-
icantly higher than C, because sim(Q,C,) — sim(Q, Cp) >
6, and, therefore, explanations are generated. As explained
before, relevant features d are identified |sim(dy,Qa) —
sim(dp, Qp)| > 6. Following the example, dy, dy and dy4
are context restrictions that the user may relax. There are
also relevant differences regarding the user preferences in dg
and dg. Summarizing everything, the generated explanation
is: A suitable plan has been found taking into account your
current restrictions: Park “El campo de la cebada”, Restau-
rant “Saporte di Pizza”. However there is another relevant
plan that you should consider because it better fits to your



TABLE II

CASES OBTAINED TAKING ACCOUNT THE CONTEXTUAL INFORMATION OR THE USER PREFERENCES.

Attribute H (Cq) Context Preference H (Cp) User Preferences
Time 11:05-16:35 11:40-17:10
Public Transport Yes No
First activity location (-3.709, 40.411) (-3.723, 40.413)
Estimated cost Regular Expensive
Location type Outdoor Outdoor

Favourite Activities H

Park, Restaurant

Park, Restaurant, Walk

Favourite Museums ‘ ‘

N/A

N/A

Favourite Restaurants H

Italian

American

Solution

Park “El campo de la cebada”,
Restaurant “Saporte di Pizza”

Park “Madrid Rio”,
Restaurant “Foster’s Hollywood”,

Walk “Casa de las Siete Chimeneas”.

Sfavourite activities and restaurants. The alternative plan is
Park “Madrid Rio”, Restaurant “Foster’s Hollywood”, Walk
“Casa de las Siete Chimeneas”. But it starts and finishes 30
minutes later, it is more expensive and you cannot use public
transport. The following section presents the experimental
evaluation.

IV. EXPERIMENTAL EVALUATION

As described in Section III, by including contextual re-
strictions into the recommender process, the recommendations
have a lower similarity with respect to the user preferences.
To demonstrate the hypotheses that we described in Section I,
we conducted two experiments. The first experiment studies
the impact of the context restrictions on the quality of the
solutions compared to the only use of user preferences. The
second experiment determines the influence of the context
filtering in our case base. This experiment evaluates how
the context restriction influences our recommend process and
which context features are more restrictive.

A. Experimental Setup

For both experiments we use a case base that contains 500
tourism plans in Madrid. Each case has a list of activities as a
plan and the features and the context information of the plan
as we described in Section III.

The goal is to evaluate the impact of the context features.
Moreover, it was expected that some context features could
have a higher impact than others in the quality of the solution
being retrieved. To measure the relevance of different context
features we set-up the experimental evaluation by using a
cross-validation scheme where features are disabled systemati-
cally. For each evaluation we change the contextual restrictions
that are available in the recommender process. We conducted
32 evaluations with each respective permutation of context
restriction (from not considering any restriction to considering
all of them).

In each leave-one-out step, we used the context information
and the features of the case extracted to create each query.
In each step we obtained 2 values: the similarity of the best
cases returned by the CBR module (1-NN) and the average of

800

®1-NN
5-NN

Without Context 1 Context Filter 2 Context Filters 3 Context Filers 4 Context Filters 5 Context Filters

Fig. 1.
available.

Average of similarity respect the number of context restrictions

the 5 best cases (5-NN). In fact, the result of each evaluation
consists of the average of all 1-NN values and, on the other
hand, the average of all 5-NN results.

B. Experimental Results

To demonstrate H-1 we want to observe the influence of the
number of context restrictions in the system results. Figure
1 represents the average of the 1-NN and 5-NN similarities
according to the number of restrictions that were used in the
experiment. As expected, similarity decreases with the number
of context restrictions. Without context restriction, we obtained
our best result with an average of 0.96 in the similarity of
1-NN and 0.93 in 5-NN. But, on the other hand, when we
applied all context restrictions we obtained an average of 0.57
in 1-NN and 0.47 in 5-NN.

These data enable us to observe that if we apply too
many context restrictions, the plan obtained is less satisfactory
according to the user profile. The reason is that in each context
restriction the system retrieves cases that could be worse
according to the user preferences. This results demonstrate
that our hypothesis H-1 is correct.

To demonstrate H2 we investigate if all the context re-
strictions have the same effect in the recommender process.
In Figure 2 each pair of columns represents the average of
similarity in 1-NN and 5-NN using different configurations.
Each configuration is represented by a binary number with 5
positions. Each position represents the respective context filter
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Fig. 2. Average of similarity respect different configuration of context
restrictions.

feature (from left to right): start time, finish time, location,
economic type and public transport available.

For example, the number 00010 means that the economic
type context is available and others are disabled. Figure
2 shows that some configurations are more restrictive than
others. The strongest context restriction is the location. We
can see that the similarities are lower when location restriction
is available, for example, columns 4, 12 or 15. And, we
can observe that economic and public transport restrictions
have a similar effect, for example, columns 10 and 11. These
results demonstrate that depending on the context restriction
our retrieved cases could be affected in a number of ways.

V. CONCLUSIONS

In this paper, we have described Madrid Live, a context-
aware recommender system of leisure activities in Madrid.
Our system exploits user context-information in order to return
more satisfactory leisure activities.

We explained the problem of using contextual restrictions
in recommendations. The result of these restrictions is that the
retrieved cases have a lower similarity with respect to the user
preferences. We conclude that this problem not only depends
on the number of context restrictions, but there are context
restrictions configurations that filter more cases than others.
In this paper, we evaluated which context filter configurations
are more restrictive. We propose the use of explanations
to solve this problem. These explanations enable a user to
select the best plan for him/her knowing the advantages and
disadvantages of each leisure plan. All of these goals have
been defined by two hypotheses in section L.

The context-aware recommender systems are an active
research area. Madrid Live allows us to explore future hy-
potheses. An example of a future goal is an improvement to
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users’ profiles. Several users taking to account more contextual
restrictions than others. For example, there are users that prefer

activities closer to their position, but there are others than can
select activities far from their position. Another task is evaluate

the quality of the explanations generated by the system.
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Jose L. Jorro-Aragoneses, Susana Bautista-Blasco. Adaptation Process
in Context-Aware Recommender System of Accessible Tourism Plan. Pro-
ceedings of 1st International Workshop on Knowledge Graphs on Travel and
Tourism. Céceres, Spain. June 2018. P. 292-295.

10.2. Contribuciones de la publicacién

En esta publicacién, proponemos un proceso de adaptaciéon para generar
planes turisticos con actividades accesibles a partir de los planes devueltos
por Madrid Live. Este proceso usa una taxonomia para sustituir las activi-
dades no accesibles por otras actividades basandose en las preferencias del
usuario y su informaciéon contextual. Este proceso es una de las lineas de
trabajo futuro propuestas en esta tesis.

10.3. Contributions covered by this publication

In this publication, we propose an adaptation process to generate accessi-
ble plans using the retrieve plans by Madrid Live. It changes all unaccessible
activities to other activities based on the user preferences and the contextual
information using a taxonomy. This process is one of the lines proposed to
work in the future.
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Abstract. In this paper, we propose an adaptation process to generate
accessible plans based on the retrieved plans by the recommender system.
In our case, if one of the activities of the retrieved plan does not apply
the user preferences or contextual information, we change it for another
activity to adapt the plan. We use a taxonomy based on the open data of
the Madrid’s council to adapt the plan and achieve an accessible tourism
plan.

Keywords: Context - Accessibility - Tourism + Open data
Adaptation

1 Introduction

Traditional recommender systems rely mainly on the relation between users and
items. There is an active research area in context-aware recommender systems
[2], where contextual and dynamic information from the environment is used
to enrich the system knowledge and to personalize the recommendation to the
specific situation like the location, the weather or social. Contextual informa-
tion is very important in the tourism domain where any change in the context
can change the activity to carry out, for example, if it is raining the user does
not go to an outdoor activity. There are different previous works focusing on
tourism recommenders [3] and different approaches based on contextual features
[5]. Contextual information adds information to obtain a list of proper relevant
activities to tourist. For example, the user location or weather state at the rec-
ommendation moment [1].

In this paper we propose an extension of MadridLive, a context-aware rec-
ommender system of tourism plan in Madrid based on a Case Based Reasoning
(CBR) system [4]. Using CBR we obtain implicit information from the case base.
In our case, the activities have an order in the plan, the sequence is logic and

Supported by the Spanish Committee of Economy and Competitiveness (TIN2014-
55006-R); the funding provided by Banco Santander in UCM (CT17/17-CT17/18).
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coherent based on the user preferences. This information is difficult to deduce
using other approach. We include accessibility, handicaps and special needs as
contextual features in the system. This accessibility context is used to adapt
the system recommendation to avoid, for example, unaccessible locations and
transports. This is important in order to guarantee the social inclusion for all
kind of people. Given a query describing the user context and preferences, a
CBR system [4] retrieves and reuse previously stored plans that fullfill the query
requirements. Each case in the case base is a previously stored plan that has been
performed and ranked by other users. The main contribution of this paper is an
adaptation process to generate accessible plans based on a set of similar plans.
Next sections describe the knowledge sources and the retrieval and adaptation
processes.

2 Knowledge Sources

The system reasons with two knowledge sources: a case base of previous plans
and a taxonomy of tourist activities categories based on the open data set of
the Madrid’s council'. The first one is used to recover the initial plan and, the
second one is used to adapt the plan and achieve an accessible tourism plan.

We use a case base that contains 500 real tourism plans in Madrid. Each
case has two main components: the case description (CD) and the case solution
(CS). The CD includes tags for the categories of all the activities in the plan
and the contextual knowledge associated to this plan described by the following
features:

— Time: Time when start and finish a plan.

— First Location: Location of the first activity in a plan.

— Location Type: the place type (indoor or outdoor) of an activity.

— Economic Cost: An estimated cost to realize the plan.

— Public Transport: A boolean value to define if all activities can be visited
using public transport.

— Accessible Plan: A boolean attribute to indicate if the plan is accessible to
people with special needs.

The second knowledge source is the taxonomy. It lets classify all leisure activ-
ities that there are in Madrid in the next around 100 days. The system uses this
taxonomy to search a new activity to insert in the plan. In this dataset there
are around 1000 restaurants, more than 300 POIS (monuments, buildings, etc.)
and nearly 1300 events. These numbers are updated daily by the council. The
process of plan adaptation to achieve an accessible tourism plan uses a taxonomy
of tourist activities categories. It is based on leisure categories from the activity
classification in the open data of the Madrid’s council. In this case, each avail-
able activity is classified using this taxonomy. Figure 1 presents a little example
of our taxonomy of categories.

! https://datos.madrid.es/portal /site/egob/.
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Fig. 1. An example of activity categories.

3 Retrieval

The recommendation process is based on retrieve and reuse plans previously per-
formed and evaluated as positive experiences by other users. The CBR module
retrieves the most similar case based on the query Q. It contains the conditions
that the user wants in a leisure plan. O contains the user preferences and the
contextual information at the moment of the recommendation: time, location,
weather, budget and handicaps. To do that, it uses a similarity function that
compares each query attribute with its corresponding description attribute. The
solution of the case retrieved is the plan that the system offers to the user.
MadridLive is explained in detail in [4]. Similarity based retrieval maximizes the
plan adequacy although the selected plan could not satisfy the user preferences
or the contextual information. Next section describes how the plan is adapted
to improve the final solution.

4 Plan Adaptation

The selected plan (P) is adapted by reviewing and substituting some of the
activities using the Algorithm 1. The algorithm replaces any activity (a;) that
does not satisfy the contextual information (C) or the user preferences (U),)
defined in the query by other similar activity that respects the user preferences.
We recover a similar activity using the taxonomy. For example, if the best plan
retrieved has got one unaccessible activity, the system will replace this activity
by other accessible activity.

The algorithm searches for an activity using the taxonomy of categories of
activities (see Fig. 1). Considering the activity to replace as a query to search the
similar activity, the first step is to filter all activities that not apply the contextual
restrictions of the original activity. The system classifies the candidate activities
in the taxonomy of categories and recovers the activities with the most similar
categories. In addition, these recovered activities apply all the restrictions of the
original activity. The function selects one of them and return it to the adaptation
algorithm. Finally, the system returns an adapted plan based on the contextual
restrictions and user preferences.

For example, the best plan obtained contains the activity to visit the Reina
Sofia museum but it is not accessible. The next step is substitute this activity.
Firstly, the system filters all activities that are unaccessible. Next, it classifies
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Data: P = [aq1, .., an],Up,C
Result: R = [b1, .., by,]
1+ 0;
R«
while ¢ < P.len do
if —respectContex(a;,C)V —respect Preferences(a;,U,) then
| R[i] < getSimilar Activity(a:,Up);
else
| R[] + ai ;
end
end
Algorithm 1: Adaptation algorithm

these filtered activities using the taxonomy. Finally, the system changes the
original activity by another with similar categories, in our example, the activity
proposed will be the Prado museum.

5 Working Progress

In this approach, we explain a novel idea in order to adapt real leisure plan for
people with special needs. In our case, we focus on the feature of accessibility to
modify the original plan. We consider using a taxonomy of categories to obtain
the best activity from the open data source. Some difficulties that we found
is that there are not enough of accessible activities in the open data used in
some categories or the retrieved activities do not apply the user preferences. In
addition, the system could return an activity out of the logical route between
the previous and next activities in the original plan. For example, an activity so
far. In these cases, we need to consider to apply a new filter less restrictive in
order to recover a bigger set of candidate activities. Another possible solution to
replace the original activity could generate an accessible walking tour between
the previous and next activities considered in the original plan.
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11.2. Contribuciones de la publicacién

Esta publicacién describe otra aproximacién para resolver el problema
del cold-start en el sistema PhotoMood. En este caso, hemos creado dife-
rentes bases de casos que contienen imégenes de usuarios con las mismas
caracteristicas (sexo, edad, etc.). Esta es otra contribucion para resolver el
problema del cold-start en el dominio de los usuarios.

11.3. Contributions covered by this publication

This publication describes another proposal to resolve the cold-start pro-
blem in the system PhotoMood. In this case, we made different case bases
that contain images from user with similar features (age, sex, etc.) It is anot-
her contribution to how to resolve the cold-start problem in the domain of
users.
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Abstract. In our previous research [5] we proposed a CBR approach
to infer the emotional state of the user through the analysis of a picture
taken from the front facing camera of her mobile device. We demon-
strated that different people express emotions with different gestures
and got the best accuracy using a personal case base with self pictures
of the same user. However, in the cold start situation, where pictures
of the querying user are not available, the CBR system uses a generic
case base (GCB) made of pictures of anonymous people. Although the
performance using the GCB was acceptable on average there were sev-
eral users with a very low accuracy. In this paper we compare our GCB
to other reference picture catalogues and evaluate our CBR approach
with state-of-the-art Facial Expression Recognition (FER) algorithms.
Results point out that our approach is only suitable for GCB including
semantically stmilar users. We use an ontology to group together users
with similar demographic and physiological information: sex, age and
ethnic group. We evaluate our CBR approach with small and specialized
case bases where pictures are semantically similar to the target popu-
lation and demonstrate that it efficiently increases the accuracy in the
cold start situation and minimizes the noise in the case base.

1 Introduction

Emotional tagging of facial expressions is becoming a relevant topic for e-
commerce systems based on mobile devices. These devices include a wide range
of sensors able to capture the emotional state of the user, which is a very valu-
able feedback to infer her willing to consume a concrete product being proposed
by the e-commerce system. This information about the user’s emotional state
has many potential applications and an unmeasurable value from the commercial
point of view. Although modern devices include sensors that can measure several
physiological variables of the user such as heart rate, temperature or even blood
pressure, the front camera is usually the best alternative to infer the emotional
response.

Usage of dynamically enriched information from the user context leads the
system to find better solutions that are adapted to the specific situations. In
our research we have focused on the difficult problem of dynamically acquiring
© Springer International Publishing Switzerland 2015

E. Hiillermeier and M. Minor (Eds.): ICCBR 2015, LNAI 9343, pp. 197-211, 2015.
DOI: 10.1007/978-3-319-24586-7_-14
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the emotional context of the user during a recommendation process. In [5] we
described PhotoMood, a CBR system that uses gestures to identify emotions
in faces, and presented preliminary experiments with MadridLive, a mobile and
context aware recommender system for leisure activities in Madrid. In the exper-
iments, the momentary emotion of a user is dynamically detected from pictures
of the facial expression taken unobtrusively with the front facing camera of the
mobile device.

The emotional state of the user inferred by PhotoMood was used as the
feedback -like or dislike- for our recommender system for leisure activities. This
CBR system uses as queries the pictures of the user taken while she is receiving
recommendations from the system. By comparing these pictures to a case base of
pictures tagged as positive or negative responses, we could infer the user’s opinion
about each activity being proposed. The published results stated that the use of a
personal case base with pictures of the user achieved a higher performance than a
generic case base with pictures from several users. Although a personal case base
is the best alternative, new users have no pictures in the system and, therefore,
the cold-start problem appears. The term cold-start is used in recommender
systems to denote those users with little information in the system. This problem
is very common and requires specific techniques to circumvent it. Due to the
lower performance of the generic case base compared to the personal case base,
we required an alternative approach to tag those users in cold-start. This paper
tries to address this limitation by proposing the use of specific case bases with
a small number of cases that have been semantically annotated and that groups
pictures of users that are semantically similar. we can choose the most suitable
set of cases to get an efficient and precise replacement of the personal case base
for those users in cold-start. This intermediate approach rises the performance
of our facial expression recognition (FER) system and achieves better results
than a generic case base. We have performed an experimental evaluation that
not only validates our proposal but also compares our CBR strategy to other
state-of-the-art algorithms for facial emotion recognition.

Section 2 describes some related work on the FER field research. Next, in
Sect. 3 we explain our previous work, algorithm and results on face emotional
recognition based on the CBR paradigm. Section4 introduces the cold-start
problem and a first solution using generic case bases. We introduce some of our
tools for visualization and organization of cases bases and we compare our app-
roach with other FER approaches in these generic case bases. Section 5 describes
a solution based on the semantic annotation of generic case bases to obtain spe-
cialized cases that share common gestures with the current query. We use age,
sex and ethnic group as the features to annotate case bases. Experiments show
that results on these specialized case bases are accurate and efficient. Section 6
concludes our work.

2 Related Work

Facial expression recognition (FER) is a research field very active in the area
of computer vision. We can find a general overview of FER algorithms in [18].



Addressing the Cold-Start Problem in Facial Expression Recognition 199

FER algorithms are applied to different domains, such as recognition of students
engagement [21], user experience feedback [13] or different recommender systems
[19,20].

FER algorithms can be classified in several ways, although a common classi-
fication is based on the method to extract facial features [18]. According to this
feature, FER algorithms can divided in two groups: appearance feature extrac-
tion and geometric feature extraction.

Appearance feature extraction consists on extracting changes in the appear-
ance of the face, for example, skin texture. We find many works whose authors
use this technique. Zhen and Zilu [22] use a FER algorithm based on sparse rep-
resentation and Local Phase Quantization (LQP). They based their algorithm on
the LPQ method of textures of images [14]. Other example is Taheri,Patel and
Chellapa [17], where authors use a dictionary-based component separation algo-
rithm (DCS). This method separates the neutral component and from expression
component of an image. In Khanum, Mufti, Javed and Shafiq [7], authors detect
the facial action elements (FAEs) and uses fuzzy logic combined to CBR to
detect the emotion.

The second group of FER algorithms are the geometric feature extraction
ones. It consists on extracting the location of elements of the face. An example
of this type of algorithms is Kotsia and Pitas [8]. It uses the location of some
points to detect deformations in the face and then detect the emotion from this
deformation.

Our algorithm, PhotoMood [5,11], is classified in the geometric feature
extraction. PhotoMood is a CBR system to detect emotions with facial recogni-
tion. In [11], we presented a similarity function based on the external contour of
the mouth. In this paper, we improve the similarity function by adding additional
gestures as it is explained in the following section.

3 PhotoMood: A CBR Approach to Face Emotion
Recognition

This section explains the CBR algorithm implemented in PhotoMood. Photo-
Mood [5,11] analyses the facial expression to detect the user emotion using two
stages:

Image Pre-processing: PhotoMood obtains 46 coordinates of the user’s facial
gestures classified in 8 vectors:
— v1: External outline of mouth.
— Uy Internal outline of mouth.
— v3: Outline of right cheek.
— 7z: Outline of left cheek.
— v5: Outline of right eye.
— vg: Outline of left eye.
— v7: Outline of right eyebrow.
— vg: Outline of left eyebrow.
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CBR Process: Cases in the case base include pictures of users that have been
annotated with the emotion tag t. From a query of gestures(Q) including
these 8 vectors, the CBR system retrieves the most similar pictures and
reuse their solution to estimate the user’s emotion:

Q=< 0l> (1)
C=<D.,S. > (2)
where

D, = <§,...,v5 > (3)

S.={t1,...,tm} (4)

The system admits any number of emotions in the solution side of the cases.
The system retrieves the most similar cases using the gesture vectors and
reuse their emotion tags. In the recommender domain we use three tags Like,
Dislike and Surprise, so m=3.

Retrieval. We used a K-Nearest Neighbour algorithm where the similarity value
is computed by weighting the local similarity of each vector v;. Therefore
each pair of vectors < v{,v] > is compared and the resulting value is
weighted with a value w; that represents the relevance of the correspond-

ing gesture in the global similarity computation:

8
Sim(Q,De) = Y w; x Simi(vf, v) (5)

i=1
where

8

We obtain the angle between each pair of points and the horizontal axis.
Following the contour of a gesture, the arctangent between a pair of
points is computed to obtain their angle. Each angle of the query Q
is compared to the corresponding angle of the case D, producing |v;]
(angle-level) similarity values:

_— 1 _ —_—
Sim;(vl,v8) = — Z 1-— \/(arctan(pgp?) — arctan(p§, pi))?  (7)

where [ = (4+1) mod z

Reuse. To obtain the solution of the query, the system uses a weighted voting
schema according to the similarity of the retrieves cases. The scoring
function is:

score(t;) = Z sim(Q, D)V ¢|S. =t; (8)
The solution assigned to the query is:

t; = argmax{score(t;), i =1,...,m} (9)
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Revise. The revise stage is external to the PhotoMood CBR module. The user
will be the responsible to modify the solution if it is wrong.
Retain. The system stores the cases that they were revised by the user.

3.1 Previous Results

In our previous experiments [5], we tested our CBR approach with a a personal
case base (PCB) of self pictures for each querying user, and with a generic case
base (GC'B) that contains 300 images of anonymous people that we obtained
with search processes in Google Images'. We concluded that each gesture has
a different importance for each user and we used a Genetic Algorithm (GA) to
calculate the optimal set of weights for each user. Finally, we concluded that
the CBR system behaves better using the personal case base (PCB) and the
personal set of weights (pw) for each user. However, having a personal case base
for each user is not always possible. For example, when we have new users in
cold start. Besides, the computation of a personal set of weights for an user is a
computational expensive process. So, GCBs with very different people have been
characterized and evaluated. Next section describes how different GCBs behave
with different users in the cold start situation.

4 Generic Case Bases as a Solution to the Cold Start
Problem

Cold start is one of the most challenging problems in recommender systems [10].
It is a potential problem in any knowledge based system based on information
about users or items. It appears when the system has not gathered enough infor-
mation. For example, in the domain of product recommendation for new users
the system has no information about users’ preferences in order to make recom-
mendations. Although a relevant research has been conducted in this field the
cold-start problem is far from being solved and many different partial solutions
have been proposed (see [16] for a recent review).

In our previous research [5] we demonstrate that different people show emo-
tions with different gestures and compute the specific set of weights that max-
imize the accuracy of our CBR classifier for each specific user. To do that, we
used a personal case base with self pictures of each user. We have experimented
with different configurations of case bases and sets of weights. As conclusion,
we pointed out that the system obtains the best results using a personal case
base for each user. However, in the cold start situation, where pictures of the
querying user are not available, the system uses a generic case base made of
pictures of anonymous people. Reasonable results were found when tagging two
basic emotions —like and dislike — using 46 feature points organized in 8 gesture
vectors. Experiments got an average precision in GCB of 89.34 % and an average

1 We used Google Image Search with the queries “Happy face”, “Unhappy faces” and
“Surprise faces”.
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precision for the personal case base of 92.16 %. Our generic Case Base in these
preliminary experiments consists of 300 images of anonymous people that we
obtained with search processes in Google Images.

Although the performance of the GCB in our previous work was acceptable on
average, there were several users with a very low accuracy. After a comparison of
our GCB with other reference picture catalogues used to evaluate state-of-the-art
FER algorithms, we realised that our approach is only suitable for users similar
to those ones in the case base. For example, the JAFFE [12] dataset contains
pictures of Japanese women. Due to specific facial features of this population
our GCB was unable to correctly classify our previous pictures (from European
people) when used as queries in a cross-validation experiment. Moreover, after
several experimental evaluations we noticed that the Genetic Algorithm used to
optimize the similarity function decreased its performance when applied to large
generic datasets including a wide range of users.

This experimentation with several generic case bases led us to conclude that
the cold-start problem could not be addressed with only one generic case base.
Nevertheless, the use of specialized case bases including pictures semantically
similar to the target population could increase the accuracy of the system. We
use the term semantically similar to denote those features that allows us to
group users with similar facial expressions.

Initially, we tried to apply automatic machine learning approaches -such as
clustering techniques- to obtain these groups of users with similar expressions.
After several experimental evaluations results were unsatisfactory and we con-
cluded that these groups had to be made according to semantic features of the
users. As we will present in following sections we have used the information from
the profiles of the users to map them to a specialized case base through a seman-
tic mapping function based on an ontology. This ontology captures the semantic
similarity between users according to features like age, ethnic group an gender.

Following subsections present this experimental evaluation. First we intro-
duce the results when applying our approach to several reference datasets in
Sect.4.1. Next, we also compare different state-of-the-art FER algorithms to
our CBR system 4.2. Finally, Sect. 5 presents our semantic approach to exploit
specialized case bases.

4.1 Applying PhotoMood CBR to Reference Datasets

The first solution to the cold-start situation is the use of a GCB including a
large number of pictures of different type of users, in order to cover as much as
possible the solution space of facial expressions. We used 2 different reference
datasets as case bases to evaluate our CBR approach:

1. CK+16]: It contains 593 images from 123 individuals. These images have been
divided in scenes where each scene contains images from neutral state to any
emotion. The last image of each scene is the peak of the emotion (the image
most representative of the emotion tagged in this scene). We only used the
last image of each user that has been tagged with an emotion. Totally we
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CK+
Dislike Like Surprise
Dislike|85.55% 10.98% 3.47%
Like|30.43% 66.67% 2.9 %
Surprise|6.02% 0.0% 93.98 %
JAFFE
Dislike Like Surprise
Dislike|93.42% 5.26% 1.32%
Like|45.16% 54.84% 0.0%
Surprise|86.67% 3.33% 10.0%

Fig. 1. Confusion matrix of the CK+ (top) and JAFFE (bottom) datasets using Pho-
toMood CBR.

have 327 images (45 angry, 18 contempt, 59 disgust, 25 fear, 69 happiness, 28
sadness and 82 surprise) to use like queries.

2. JAFFE[12]: Tt contains 213 face images from 10 subjects. These images are
of Japanese women. These pictures are classified in: Neutral (30), Anger (30),
Disgust (29), Fear (32), Happiness (31), Sadness (31) and Surprise (30).

As we explained these datasets are classified in 7 emotions, but PhotoMood
was implemented to detect 3 emotions (like, dislike and surprise). Therefore we
grouped similar emotions (for example sad and fear) to reduce the number of
classes to the ones used by our system. We selected and grouped the emotions
equivalent to those ones in PhotoMood. For the Like tag we included images
tagged with the happy emotion. For the Dislike tag we grouped images whose
tag is a dislike emotion (angry, contempt, disgust, fear and sadness). Finally,
we included the Surprise tag alone as there is not a clear classification (Like or
Dislike).

After several cross-validation evaluations we obtained poor results. We tested
both datasets using leave-one-out and grouping the classes of pictures into the 3
emotions used in PhotoMood (Like, Dislike and Surprise). Results are shown in
Fig.1 as a confusion matrix. We can observe that there is no clear classification
for any emotion.

In any CBR system there are two possible explanations for this lack of perfor-
mance: (1) the additional knowledge of the system -this is the similarity function-
has deficiencies. And (2) the deficiencies are in the case base. Beginning with
the first possible explanation we developed introspection tools to analyse the
performance of our similarity function. These tools are:

— Visualization of cases grouping. Ideally a good similarity function should
group same class cases together. By using a graph distance visualization tool
we should be able to identify clusters of cases belonging to the same emotion.
This tool is shown in Fig.2 applied to the CK+ dataset. In this figure each
emotion is represented by a colour. We can observe that there are two clear
clusters where the similarity function is working properly but the center of
the image is too messy, denoting a bad classification.
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— Distance matrix. Although the case-base visualization tool is very useful to
informally evaluate the accuracy of the similarity function it depends on the
graph visualization algorithm that tries to layout the cases depending on their
distance. An efficient way to circumvent this drawback is the distance matrix.
This NxN matrix (being N the size of the dataset) shows the similarity of every
pair of cases by using a grey scale. A dark point denotes a high similarity and a
whiter point reflects low similarity. By sorting the axis of the matrix according
to the class (emotion) of the cases we should, ideally, find dark rectangles in the
diagonal of the matrix (corresponding to the similarity of cases from the same
emotion) and white areas in the surroundings. However, when visualizing the
datasets with this technique we did not find this pattern. As we can observe
in Fig.3 there is only a good classification in the third class (like emotion)
where there is a clear dark rectangle in the diagonal of the matrix and white
areas in its vertical and horizontal sides.

— Similarity function introspection. The disappointing results of the similarity
function led us to consider that it was not properly designed. As we previously
explained it is a weighted average of several local similarities that compares
8 gestures of the user (eyebrow, outline of mouth, etc.). Perhaps this way to
compute the similarity between emotions was not suitable for this domain so
we developed an introspection tool to evaluate the accuracy of the similarity
function for problematic pairs of cases. The resulting tool is shown in Fig. 4.
In this case, pictures being compared belong to different emotions (anger and
disgust). After analysing the accuracy of the similarity function with several
pairs of pictures we concluded that the similarity function was performing
reasonably well.

If the similarity function was performing well the only remaining explanation
for the low accuracy of the CBR system is the other source of knowledge: the case-
base. As we can clearly observe in Fig. 4 pictures are quite similar but classified
with different emotions. No similarity function could distinguish among these
emotions because they deeply depend on the facial expression of the user?. This
analysis supports our premise that the personal case base is the best alternative
to rise the performance of the CBR system. But when the user is in cold-start
and there are no personal pictures we cannot use generic case bases because the
classification deeply depends on the type of user. This is the main reason to
develop an approach based on specialized case bases selected by using semantic
knowledge that is presented in Sect.5. But before developing such method we
had to completely confirm that the CBR approach was valid by comparing it to
state-of-the-art FER algorithms as described in the following section.

4.2 Comparison of PhotoMood with Other FER Approaches

Section 2 introduced several algorithms that exploit the textures in pictures to
infer the emotional state for the user, i.e. [17,22]. We have compared our CBR

2 We leave aside possible miss-classifications of pictures in the dataset.
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Fig. 2. Visualization of the CK+ dataset. Each colour representing a different emotion
(Color figure online).

Fig. 3. Distance matrix of the CK+ dataset. Al, B2 and C3 areas representing a
pictures of the same emotion.
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Fig. 4. Introspection tool to analyse the similarity function. Although similar pictures

denote different emotions: anger (left) and disgust (right).

approach to these algorithms in order to validate our geometric similarity func-
tion. Figure 5 shows the results of this comparison for the CK+ dataset?.

CK+
Like Dislike Surprise
SRC + LPQ [22][100.00% 71.156% 100.00%
DCS-S1 [17](98.55% 72.91% 98.70 %
PhotoMood|66.67% 85.55% 93.98 %

Fig. 5. Comparison with other FER approaches.

According to these results, our approach is similar in performance to state-
of-the-art algorithms. It achieves a higher accuracy for the dislike class, but a
lower performance for other classes. These inconclusive results are rooted in the
low quality of the case base regarding the classification problem being addressed.

We can also compare these algorithms from the functional point of view.
Texture-based algorithms require a large storage as they must store every single
pixel of the picture. In our MadridLive scenario it is not a suitable solution for
devices such as mobile phones with a limited storage capacity. Our approach only
requires to store the 46 points defining the geometry of the gestures. Another
relevant advantage of our CBR approach is related to the alignment of the faces
in the pictures. Texture-based methods usually apply a sparse representation
technique that requires a perfect alignment of every picture. This technique uses
an image overlay training process to create a model representing the emotions
of the user. However, this approach is not applicable in our scenario as it is
impossible to obtain aligned pictures from the front facing camera of a mobile
device. Being our method based on geometrical comparison it does allow to
compare pictures with different face alignments.

3 The accuracy is taken from [9], whereas the DCS-S1 accuracy is obtained from [17].



Addressing the Cold-Start Problem in Facial Expression Recognition 207

Once the CBR approach was validated next Section presents an improvement
to solve the cold-start problem.

5 Use of Semantic Case Bases

After our analysis of the performance of the studied GCBs, we have found several
drawbacks when trying to address the cold-start problem. First, to achieve an
acceptable accuracy, the CBR system requires a large number of pictures that
share gestures with the user query. Besides, to guarantee enough coverage for
different types of users we would need to provide with a very large case base.
The CBR process becomes inefficient and decreases accuracy due to the irrelevant
noisy cases. However, we noticed that it is possible to increase the accuracy of
the CBR system if the case base includes pictures from the same physiological
group than the query user. It means that by using pictures of users with similar
features like age, gender and ethnic group, we could rise the performance of
our FER system. In this section we describe a proposal to solve the cold-start
problem using small and specialized case bases according to the demographic
and physiological features of the users.

Our first approach was the use of automatic clustering algorithms to find
small related groups in GCB. This way we could find groups of pictures from
users with similar features (Fig.4). However after several experimental evalu-
ations we concluded that this approach led us to generic groups of pictures
meaningless from the point of view of expression recognition.

Our proposal is to manually create these clusters as specialized case bases
that capture semantic features of the user being classified. We evaluate this
proposal to check if the use of semantic case bases improves the accuracy and
the efficiency of the FER system in a cold start situation. It is a two stage
process:

— Find the proper specialized case base for a given user.
— Retrieve and reuse the most similar cases.

This approach requires additional knowledge about the user in order to select
the most suitable specialized case base. MadridLive recommender [5] obtains this
information from the user profile. During registration, users must state their age,
gender and country. By adding additional semantic knowledge the system can
be able to find the proper case base.

If users are described by age, gender and country, and our specialized case
bases are described by the age range, gender and ethnic group of the users in the
pictures there is a small vocabulary gap to be solved. Previous works [15] have
pointed to ontologies as an efficient way to represent the semantic knowledge
required to map between a query and case base description vocabulary. In our
case, ontologies can formalize the additional knowledge required to obtain the
proper case base of pictures for a query described in terms of the age, gender
and country. Figure 6 shows a simplified view of our ontology. It illustrates how
a user from Japan is mapped to a case base for Asiatic people®.

* We have used the” Geographical Races” taxonomy proposed by Garn [4].
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Fig. 6. Semantic annotation of specialized case bases

5.1 Experimental Results

Our approach is based on a semantic characterization of different generic case
bases. We call Semantic Case Base (SCB) to these annotated GCBs. The SCB
that is semantically most similar to the query is used to apply the CBR processes
described in Sect. 3. The hypothesis we want to probe is that the use of a case
base chosen this way repeats higher precision values. Our approach is considered
as a solution to the cold start problem because the precision obtained by this
specialized case base is close to the figures obtained by the user personal case
base.

In the experiments to validate this hypothesis we have created 12 specialized
case bases. Each case base contains images of a set of semantically similar users
according to the following features:

— Age, classified in 2 categories, children (CH) and adults (AD).

— Gender, classified in 2 categories, men (M) and women (W).

— Geographical area, where we distinguish 3 main areas Africa (AF), Asia (AS)
y Europa (EU).

By combining these categories we generated 12 case bases that were popu-
lated using Google Images:

— CHMAF: African male children. 10 Like and 9 Dislike.

— CHMAS: Asian male children. 19 Like and 20 Dislike.

— CHMEU: European male children. 20 Like and 17 Dislike.
— CHWAF: African female children. 21 Like and 16 Dislike.

— CHWAS: Asian female children. 19 Like and 19 Dislike.

— CHWEU: European female children. 20 Like and 20 Dislike.
— ADMAF: African male adults. 19 Like and 19 Dislike.



Addressing the Cold-Start Problem in Facial Expression Recognition 209

100,00% B ucB

SCB
75,00%
50,00%
25,00%
0,00%

CHMAF CHMAS CHMEU CHWAF CHWAS CHWEU ADMAF ADMAS ADMEU ADWAF ADWAS ADWEU

Fig. 7. Compare the use of specific case base between the union of case bases.

— ADMAS: Asian male adults. 14 Like and 12 Dislike.

— ADMEU: European male adults. 20 Like and 20 Dislike.
— ADWAF: African female adults. 10 Like and 15 Dislike.

— ADWAS: Asian female adults. 13 Like and 13 Dislike.

— ADWEU: European female adults. 20 Like and 20 Dislike.

In order to evaluate the validity of this approach we compared the perfor-
mance of the system when using the most suitable semantic case base for each
user to the performance when using a generic case base composed of all the
semantic ones (referred as union case base (UCB)). Concretely, we have per-
formed two tests:

— Test 1: Evaluation of every SCB using leave-one-out with cases from UCB.
— Test 2: Individual leave-one-out evaluation of every SCB only taking cases
from itself.

Figure 7 shows the hit ratio when PhotoMood uses GCB and when it uses
each semantic case base SC'B. As we can observe the use of SCB always achieves
at least the same performance than a generic case base, although there are many
SC B improving the performance of GCB.

This experiment validates our hypothesis, that was statically confirmed by
Wilcoxon test (p—value < 0.05), and allows us to conclude that the use of seman-
tic case bases provides higher precision values. Besides, this approach solves the
cold start problem as the precision obtained in this specialized case base is close
to the values obtained in the user personal case base.

6 Conclusions

Mobility and context-awareness are two active research directions that open new
potential to CBR systems [1-3]. In this paper we have addressed the cold-start
problem in Facial Expression Recognition (FER). We propose a CBR system
that is able to recognize emotions from pictures taken from the front facing
camera of a mobile device.

In our previous work [5], we have concluded that personal case bases of user’s
pictures increase the performance of our CBR system. However, users in cold-
start do not have enough pictures and an alternative case base must be adopted.
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A plausible alternative are generic case bases composed of a large number of
pictures from different users. To explore this approach we have evaluated several
datasets of pictures that are used to benchmark state-of-the-art algorithms for
FER. However, experimental results show that these large and generic datasets
do not achieve an acceptable accuracy. In order to explain these results with the
generic case bases we analysed our CBR process using a set of introspection tools,
developed ad-hoc, that let us explore the best configuration of our similarity
function. After a deep analysis and a concise comparison with other state-of-
the-art FER algorithms, we can conclude that the proposed similarity function
is correct and the only remaining explanation is the low quality of the generic
case bases.

At this point, generic case bases are not an acceptable solution for those
users in cold-start. Although cold-start users do not provide pictures to increase
the performance of the system, they provide semantic information about their
age, gender and country that can be exploited by our CBR system. Our proposal
consists on the use of several specific case bases representing groups of users with
similar features (those ones from the profile), and therefore, similar expressions.
These specific case bases are labelled with semantic information that let the
system choose the most suitable case base for each user according to the profile.
However, there is a vocabulary gap between the descriptions of the profile and
the labelling of the specific case bases that we solve by mean of an ontology.
This ontology provides semantic information about these case bases. By using
the ontology the CBR system chooses a semantic case base for each user that
includes pictures from users with a similar facial expression.

Finally, this paper reports an experimental evaluation of the approach by
comparing the semantic case bases to the generic ones. Results show that these
case bases are a suitable solution for users in cold-start.
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Capitulo 12

Case base elicitation for a
context-aware recommender
system

12.1. Cita completa

Jose L. Jorro-Aragoneses, Guillermo Jimenez-Diaz, Juan A. Recio-Garcia,
Belén Diaz-Agudo. Case Base FElicitation for a Context-Aware Recommen-
der System. Proceedings of 26th International Conference on Case-Based
Reasoning. Stockholm, Sweden. July 2017. P. 170-185.

12.2. Contribuciones de la publicacién

Madrid Live es un sistema recomendador basado en casos, y para su
correcto funcionamiento es necesario que tenga un conjunto de casos. En
esta publicacién, proponemos una metodologia para generar una base de
casos inicial de Madrid Live basado en las preferencias de los usuarios y las
diferentes situaciones contextuales. Esta contribucién resuelve el problema
del cold-start en el dominio de los items.

12.3. Contributions covered by this publication

Madrid Live is a case-based recommender system, and it is necessary to
have a set of cases to work correctly. In this paper, we propose a methodology
to obtain an initial case base for Madrid Live based on user preferences and
different contextual information. It is a contribution to resolve the cold-start
in the items domain.
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Abstract. Case-based reasoning can resolve new problems based on
remembering and adapting the solution of similar problems. Before a
CBR system can solve new problems it must be provided with an initial
case base covering the problem space with a sufficient number of repre-
sentative seed cases with solutions that are known to be correct. We use
a CBR module to recommend leisure plans in Madrid based on user pref-
erences and contextual information. This paper deals with the problem
of how to build and evaluate an initial case base of leisure experiences in
Madrid for the recommender system.

Keywords: Case-based reasoning * Cold start
Context-aware recommender system - Knowledge acquisition

1 Introduction

Case-based reasoning (CBR) addresses new problems by remembering and
adapting solutions previously used to solve similar problems [18]. CBR is also a
theory of skill and knowledge acquisition that overcomes some of the traditional
bottlenecks of expert systems [30]. The main argument for using CBR in general
is that it does not need an extensive and deep domain model and relies instead on
experience-based, compiled knowledge, which humans are known to gather dur-
ing and after problem solving [26]. Before a CBR system can solve new problems
it must be provided with an initial case base covering the problem space with
a sufficient number of representative seed cases with solutions that are known
to be correct. Populating the initial case base is a hard, domain-dependent and
time-demanding task. Although seed cases are typically provided by a domain
expert, there are approaches of (semi)-automated acquisition [2,9,19,24,25,32].
In fact, case acquisition from raw data is one of the challenges of the CBR
research [11].
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The CBR system begins with this initial case base and then each experience
of solving a new problem becomes the basis for a new case and enriches the
experiential memory. These experiences are learnt for potential reuse in future
similar problems, despite the utility problem [28]. Thus, CBR favors incremental
learning from experience and acquisition of expertise rather than exhaustive
extraction of domain knowledge [11].

This paper deals with the problem of how to build an initial case base
of leisure experiences in Madrid for a contextual recommender system imple-
mented as a CBR system. Contextual recommender systems have the capability
to appreciate its environment and assess the situation in which the cases are to
be recommended [1].

When a tourism recommender system is in cold start [15] the system could
compose a plan as a sequence of activities — Point of Interests (POIs) or events—
based on given composition rules. However, this kind of recommendation would
require specific domain rules to capture dependencies and intrinsic congruence
between the activities. Besides, it would be difficult to adjust the plan to the
context restrictions. Another option to avoid the cold start situation is using a
set of prototypical routes provided, for example, from a tourism expert, with
the limitations described above. In this paper, we propose an approach taking
advantage of the wisdom of the crowd [33] where the case base is created from
a crowd of people. We use a pseudo-random method to generate the seed case
base and then let the crowd vote to select and filter the best cases using an
Elo test [10]. With this method we obtain a case base with diversity, congru-
ence between the activities, and collective knowledge that is independent from
a domain expert.

The rest of the paper is organized as follows. Section 2 describes the structure
of the cases and an brief overview of the recommendation process. Next, Sect. 3,
explains the process to generate a large set of candidate cases, and the use of
the Elo test to obtain a ranking of the best cases. After generating and selecting
the initial seed cases, in Sect.4 we describe how this case base is evaluated
using coverage measures. Section 5 details some related works about techniques
to acquire knowledge in recommender systems. Finally, Sect.6 concludes the

paper.

2 The CBR Recommendation Process

The CBR module of the recommender system generates a personalized plan by
retrieving and adapting the most similar plans according to the user context
and preferences. In order to recommend suitable plans, the system case base
stores the plan details and the contextual information associated to its activi-
ties and points of interests (POIs). This contextual knowledge is useful to avoid
unavoidable plans (i.e. outdoor activities when raining). In this paper, we will
describe the case structure, and the retrieval stage of the CBR system. A com-
plete description of the system is available in [14].

The cases in the case base are plans with the typical structure description-
solution, C = <D, §>. In the retrieval step the case description is compared with



172 J. L. Jorro-Aragoneses et al.

the query and the solution, that includes the details of the route and the sequence
of activities, events and POIs in the plan, is reused. The case description is
defined using two groups of attributes. The first group represents the activities,
events and POIs contained in the plan (d,). The second group of attributes
represents the contextual restrictions (dct,) to perform the plan such as time,
transportation availability, budget, etc. Table1 shows an example of a case in
our system. The list of attributes that defines the contextual restrictions listed
in Table 2.

Table 1. The information contained in a case

Attribute Value
Description deir | Time 11:05-16:35
context setup

Transport Public transport

First location | (—3.709, 40.411)
Estimated cost| 25 €

Weather Sunny
Out/indoor Outdoor

Description d, Categories Park, Restaurant, Italian Food, Museum,
Act. categories Art
Solution Activities Park “El campo de la cebada” (11:05-12:05)

Restaurant “Saporte di Pizza” (12:15-13:30)
Queen Sofia Museum (13:45-16:35)

These details of each plan are stored in the case solution (§). Basically, the
case solution is the list of activities contained in the plan. In addition, it contains
the time when the user started the activity and when she finished it.

The retrieval process is a k-NN algorithm using a weighted average to com-
bine the local similarities between attributes. It calculates the average of the sim-
ilarity of all attributes defined in cases and the query. These similarity functions
are divided in contextual similarity (sim.,) and activities similarity (sim,).
cta> Qo) + (1= o) - sima(dg, d7) (1)

SZlea'f’Zty(C, Q) =a- Simctw (d ctx

The contextual similarity function sim., is the average of the contextual
attributes described in Table 2. Analogously, the similarity of activities, sim,,
compares the type of activities in the plan (museums, restaurants, cinemas,
parks, ...).

3 Case Base Acquisition

This section describes our approach to generate synthetically a case base that
captures certain wisdom of crowds knowledge [33] about the congruence and
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Table 2. Attributes representing contextual information in the cases.

Start-time | It contains the time when the user started the leisure plan

Duration It is the time spent by a user to complete all activities of the plan

Location This attribute defines the location where the user started to visit
the activities

Out/indoor | It defines the type of location of every activity in the plan. The
location type values can be indoor or outdoor

Weather It represents the weather requirements to perform the plan

Cost It is an estimation of the cost to realize all the activities

Transport | It stores the transport used by the user when he/she visited the
activities. This transport type can be: walking, public transport or
car

Social This attribute defines the social information associated with the
plan, i.e., what are the social conditions when the user did the
leisure plan. Its possible values are: alone, couple, family, friends
and business

common sense in the sequence of activities in a plan. This refers to social non
algorithmic knowledge associated to a touristic route, for example, leg fatigue,
crowed streets in certain seasons like Christmas, delays in big groups of people,
alternate between physical and quiet activities, the best lighting conditions for
visiting a POI, and others. Firstly, a large number of cases are pseudo-randomly
generated complying basic restrictions about distances, timetables, activities,
etc. Next, real users rank those cases according to their congruency with the
context and their global quality a as a plan. It is important to note that users
do not take into account their personal preferences when voting.

To perform this ranking we have used the Elo rating system [10], a well known
method for calculating the relative skill levels of players in zero-sum games such
as chess.

Following subsections detail the process. Firstly, we generate a large set of
cases synthetically. These cases are candidates for the initial case base. Then,
the next step uses the Elo test to obtain a ranking of the best cases.

3.1 Case Base Generation

The first step consists on generating a large set of candidate plans from a dataset
of activities. These activities were obtained from the Madrid’s council Open Data
portal! that contains a large dataset of leisure activities in Madrid. Concretely,
we used around 1000 restaurants, more than 300 POIs (monuments, buildings,
etc.) and nearly 1300 events.

From this dataset, cases are generated randomly but according to certain
restrictions, timetables, types of activities and distances. Cases are generated

! https://datos.madrid.es.
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according to a simulated user context. A plan cannot contain two consecutive
restaurants, restaurants are scheduled at certain times, plans of the same context
start at the same POI, the maximum distance of the complete plan is limited
depending on the public transport in the area, or in the use of private car or
walking distance as indicated in the context. We generated randomly 30 different
contextual setups. For each contextual setup we define concrete values for the
attributes presented in Sect. 2 and described in Table 2. For example, if the sim-
ulated context defines bad weather, the generated plan does not contain outdoor
activities. Although case generation was driven by the context, only some of its
attributes were used to select the activities of the plan as it is not possible to
model every possible restriction. This way, the generation stage returns a large
set of cases, syntactically correct but, may be, semantically incorrect. We will
use the Elo ranking, to filter these cases and select those ones that are good plans
and congruent with the context. At the end of this step we generated 10 plans
by contextual setup. In total, we generated 300 plans to evaluate as described
next.

3.2 Case Base Selection

The main goal of this second step is to capture good plans according to the
wisdom of crowd knowledge. To capture this knowledge we used a test based on
the FElo ranking, that is simple and does not require technical skills, like other
approaches such as Likert scales. This method allows determination of the best
plans faster than other methods because scoring is very simple. Given a context,
it just presents two options (plans) to the user and let her choose the best option
for this situation.

In the Elo ranking, each player’s performance in a game is modeled as a
normally distributed random variable. The mean of that random variable reflects
the player’s skill and is called the player’s Elo rating. If a player wins, her
Elo rating goes up, otherwise it goes down. The use of the Elo rating system
offers many advantages: it is a simple and fast, it has only a small number of
parameters that need to be set, and it also provides comparable performance
to more complex models. This way, it has been used for different purposes such
as eliciting user preferences [13] or ranking posts in online forums [7]. For our
concrete domain, the Elo ranking allows us to obtain cases that have a higher
diversity than those generated by an expert. And these cases are not biased
by the scorings of other users as they perform the Elo ranking independently
contributing with their own opinion. The Elo system aggregates their scorings
to obtain a global ranking that summarizes them.

A condition to apply the Elo ranking is that the scored items comply the
zero-sum property, meaning that each item’s gain or loss of utility is exactly
balanced by the losses or gains of the utility of the other items. Therefore, we
can apply the Elo ranking to score the quality of touristic plans if we assume that
this ranking is also a zero-sum game, in our case, that two plans cannot have
the same utility given a concrete context and user preferences. Therefore, for
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our CBR system a plan is always better than the others when being compared
to the query.

We applied this method to select the best cases according to their congruence
with the context and its quality as a leisure plan. To do that, we created a test
where every user selects the best plan between two options for the same contex-
tual setup. For every couple of plans being shown to the user, the corresponding
context used to guide the generation of both plans is also described.

» e
Vote Plan A @ Vote Plan B
Public Transport Raining Friends

Vote the most coherent plan and the plan that best fits the context. Do not vote according to your activity

preferences.
Route Summary Route Summary
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Distance: 16 km aprox. Finish time: 22:00 Distance: 7 km aprox. Finish time: 23:00
Map Map
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Fig. 1. Map and summary of contextual information for both plans

Figure 1 shows an example of voting using our implementation of the Elo
test. First of all, the test shows 2 buttons to vote the corresponding plan; and
in the middle of both it shows the contextual information to take into account
when choosing the best plan (transport availability, weather conditions, traveling
alone, with family, friends,...). Next, the test shows a summary of each plan:
number of activities, total cost, total distance and finishing time. Below, the
system shows the route for each plan in a map. Finally, the system shows the
list of activities for each plan. Figure 2 shows an example of these lists. Both are
ordered according to the starting time of every activity. For each one, relevant
attributes are shown to the user: title, short summary and a set of tags that
describes the price, location (outdoor/indoor) and the category of the activity.

When a user reads and compares both plans, she selects one of them. Then,
the application shows another couple of plans and this process is repeated in
loop. Every time the user votes, our test calculates the Elo rating for both plans
using the method explained next.

The Elo method calculates a rating for each case (R,). This rating is updated
when 2 cases (A and B) are compared, i.e., the user has selected which case is
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Schedule

(A) Start location

(B) The Touching Community. Aimar Pérez Gali

€l coredgrafo barcelonés Aimar Pérez Gali presenta un espectaculo con ...

Show more >

Schedule

(A) Start location

(B) Fiesta/Siesta/Fiesta

€l ddio musical de post pop rock, Nerval, formado por David Orrico y Ta...

Show more >

(C) XXIll Festival los Grandes del Géspel Madrid 2017
 Event ] 35 € ] indoor |

Con mas de 20 afios en cartelera y un cuarto de siglo trayendo el mejor...

(C) Policias y ladrones

[ Event ] 5 € J indoor

El director Antonio Faur6 dirige el estreno de una divertida zarzuela ...

Show more > Show more >

Fig. 2. Detail of activities for each plan.

better. The first step is to calculate the estimated score between them according
to their current position in the ranking. The sum of both values is 1 as we assume
the zero-sum property.

1
Ex = 1 + 10(Ra—REg)/400 (2)
1
Ep = 1+ 10(R5—Ra)/400
where
EFas+FEg = 1

The next step is to recalculate the rating of both cases after the comparison
(R.). Elo ranking uses a constant K to adjust the lineal proportion between
the estimated points and the final score. For chess players, this value changes
depending on the number of matches of the player. In our experiment, we choose
a value of 40 as an estimation of the average votes (both positive and negative)
that every case could get. The final rating depends on the result of the vote (.S,):
1 to the winner plan or 0 to the looser plan.

Ry = Ra+K=x(Sa—E,) (3)

RIB = RB—I—K*(SB—EB)
where
g { lif x = “win”
T 0if = “lost”

In the following section, we explain the results obtained by our experiment
where we collected 1705 votes from 71 users.

4 Case Base Evaluation

After running the experiment with users we obtained an ordered list of cases
according to their Elo rating. The next step consists on filtering this list using
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the Elo scores that represent their congruency with the context and their quality
as a plan. The main goal of this step is to evaluate the case according to several
metrics to conclude if its global quality is similar to a case base that was not
synthetically generated. And therefore, if the approach presented in this paper
is valid to obtain the seed cases for a CBR system.

The Elo test had 1705 votes from 71 users. Firstly, we filtered invalid votes,
for example, those votes that the answer time of the user is less than 5s. After
applying this filter, we obtained 814 valid votes. In addition, some candidate
cases had not enough votes to be ranked properly. Therefore, we only considered
cases with more than 4 votes (positive or negative). At the end of this pre-
filtering, there were 222 remaining cases in our case base. This is the initial case
base of our analysis, denoted as C'B.

We will analyze the case base using different metrics. First, we will filter cases
according to Elo ranking. Next, we will analyze the similarity, and coverage of
the case base taking into account the contextual setups. And finally, we present
a global analysis of the case base as a whole.

All analysis explained in this and next sections, with the dataset and their
results, have been published in a public GitHub repository?.

4.1 Elo-Based Similarity

The first analysis in our evaluation was to calculate the Elo ranking based on
the user votes. The result of this ranking is shown in Fig. 3. As we can observe,
around the 50% of the evaluated cases has a positive Elo score. We can consider
these cases as good candidates to be in our initial case base. The leisure plans
contained in these cases are supposed to be good plans and congruent with their
context according to the opinion of the users.

The resulting case base once we have removed the cases with negative Elo
score has 116 cases. We will refer to this case base as C'B2.

4.2 Similarity Analysis

The following analysis tries to evaluate the quality of the retrieval of cases. To
do so, we study the performance of the similarity function described in Eq. 1 and
detailed in [14].

Figure 4 shows the distribution of the pairwise similarity of every case in C B'.
This figure presents the results obtained for different values of the a parameter in
Eq. 1. In this figure we can observe that similarity follows a normal distribution
and most of the cases have a low similarity (4 &~ 0.2,0 ~ 0.1). It is an indicator
of the sparseness and diversity of the case base. As our goal is to obtain the seed
cases for our CBR system, these values can be considered as positive because
seed cases should not be very similar in order to provide a higher coverage. This

? https://github.com/UCM-GAIA /Case-Base-elicitation-for-a-context-aware-
recommender-system.
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Elo points

Fig. 3. Analysis of the Elo ranking of CB°
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Fig. 4. Distribution of the pairwise similarity distances in C B!

conclusion will be also corroborated by the following analysis that evaluates the
coverage of the case base.

Regarding the impact of the a parameter, results do not show significant dif-
ferences. This can be interpreted as a positive indicator about the quality of the
similarity function in Eq. 1. Meaning that both components of the equation, the
contextual similarity (sime,) and the activities similarity (sim,), compensate
to each other. This way, there is not a predominant component when comparing
cases: the context is as important as the plan itself.

We have also analyzed the pairwise similarities between cases according to
the 30 different contextual setups that were used to generate them. Figureb
shows a heatmap with the results. Every point represents the similarity of every
possible couple of cases in the case base from white (no similarity) to dark blue
(full similarity). Cases are organized according to the contextual setup, so we
can observe similar groups of points in the form of small rectangles. The blue line
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in the diagonal of the figure corresponds to the comparison of every case with
itself. And the (mostly) blue rectangles around the diagonal line represent the
similarities of cases from the same contextual setup. As expected, cases sharing
the same contextual setup have a high similarity.

C3-5- === 0.8
- 0.6

C19-1- ﬁ: 0.4

|||||||||||||||||||||||||||||||||||||||

Fig. 5. Distribution of the pairwise similarity distances in C'B' segmented by con-
textual setups, from white (no similarity) to dark blue (full similarity). (Color figure
online)

Once we have analyzed the case base from the point of view of the similarity
metric, we can extend this analysis by using the coverage metrics as explained
next.

4.3 Coverage Analysis

The coverage metrics analyze the case base to find out their capability to solve
new problems. These metrics have been extensively studied in the literature
[17,27]. We have chosen the method described in Smyth et al. [29]. This metric
is based on finding groups of cases and estimating their density, that averages
the intra-group similarity. Having a high density it is more likely to find a proper
case to be reused. In our case, it is straightforward to adapt this group-based
metric to our case base, where cases are organized according to their contextual
restrictions.

The density of a group is the average of the case densities of each group,
where a group G represents a set of cases with the same contextual restrictions.

1
coverage(G) = @Zdensity(c,G) (4)
ceG
where
1
density(c,G) = G =1 Z similarity(c, c)

c'eG—{c}
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The blue line in Fig. 6 shows the coverage of each group defined in our case
base O B! when using density to estimate coverage. As we can observe the cov-
erage of some groups is really low. This result has two possible explanations: (1)
there are not enough cases per group, or (2) we are not taking into account the
adaptation stage of the CBR cycle.

>—2 ® —e— Density
/ ——8=0.5

—e— 0 =0.6
0.8 /

0.6 [

Coverage

0.4

) ',
0
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(= I N N N N NN N NN NN W S U O N © O
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Group Id

Fig. 6. Group coverage of the case base CB".

The probability that the same leisure plan could be repeated by another
user is really low. For example, some plans contain temporal activities like a
music concert or a football match. To reuse this plan, the system will change
this activity because, most probably, this event is not available at the moment of
the recommendation. Therefore, the adaptation stage is very important for our
CBR system and needs to be incorporated into the coverage metric as explained
next.

4.4 Enhanced Coverage Analysis

In our recommender system, the solution obtained by the CBR module needs
to be adapted. Diaz et al. [8] describe the two main methods to transform a
case solution: transformational adaptation and constructive adaptation. The first
method consists of modifying the solution of the most similar case. On the other
hand, the constructive adaptation creates a new solution by combining solutions
from the most similar cases. Here, the key issue is the similarity of the cases with
respect to the query. If cases are similar enough, the adaptation method would
find a proper solution to the query. It is the basic assumption of CBR systems:
similar problems have similar solutions.

Actually, coverage metrics in the literature also include the adaptation when
evaluating the coverage. Therefore we redefine the coverage of a case base as the
probability of being able to solve a new problem. And this probability can be
estimated using the similarity of the most similar cases. Thus, we can assume
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that a new problem would be solved if there are cases with a minimum similarity
threshold. It can be formulated as follows:

1

coverage' (G) = el Z resolvability(c, G) (5)
| ’ ceG
where
. B 1if highestSim(c,G) >=6
resolvability(c, &) = { 0if highestSim(c,G) < 0

The highestSim(c, G) function returns the similarity of the most similar case
to ¢ in G. As Fig. 6 shows, when including the adaptation in the coverage metric
the performance of the case base increases significantly. Assuming that a solution
can be found when the most similar case has a similarity over 0.6 the coverage
improves up to 65% on average. Moreover, if we decrease this limit to 0.5 the
coverage is complete for almost every context.

Although we have analyzed the case base segmented by contextual setups,
we can also analyze it a as whole. Next, we will provide some insights about its
features when leaving aside the contextual restrictions.

4.5 Global Analysis

We can also analyze the case base as whole leaving aside the contextual setups.
This way, we can apply the coverage’ metric (Eq.5) to CB! and study the
impact of the 6 parameter. We have applied this coverage metric for different 6
thresholds, from 0.5 to 1.0. The Fig.7 shows the obtained results. As expected,
and according to the results shown in Fig. 6, the best coverage is achieved with
a minimum similarity threshold of § = 0.5 (70% of coverage). It corroborates
our hypothesis about the relevance of the adaptation step. Consequently, the
coverage decreases when the similarity threshold grows.

70
60
50
40

30

Coverage (%)

20

10

0.5 0.6 0.7 0.8 0.9

Minimum Similarity

Fig. 7. Case base coverage respect different minimum similarities.
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The last analysis tries to figure out the impact of the filtering according to
the Elo scores of the original case base C'BY. Hypothetically, we could improve
coverage by adding those cases that were deleted because of their low Elo score.
We recalculated the coverage again but now we considered different sizes for the
case base. We start to measure the coverage with the original C B% and repeated
it but removing one-by-one the cases with worst Elo rating. The results of this
experiment are shown summarized Fig. 8.

—6=05
——08=0.6
—06=0.7
——6=0.28
—06=09
—06=1.0

Coverage (%)

50 100 150 200 250

Number of Cases

Fig. 8. Case base coverage respect different minimum similarities and the size of the
case base.

These results show us that by using more cases we could improve the coverage
up to approximately 20% as the coverage with # = 0.6 similarity threshold is
closed to 80%, and the previous results were 65%. However, it is important to
note that when including cases with low Elo scores, we are adding cases that do
not make sense to the users and do not represent congruent plans. Therefore,
we can conclude that a hypothetical maximum improvement of 20% does not
worth the loss of semantic quality in the case base. This way, we can conclude
that the filtering of cases in C B according to the Elo ranking that obtains C' B!
is justified.

5 Related Work

One of the main challenges in recommender systems is acquiring the knowledge
that is required to accurately recommend items [22]. Most of the research work
in this area proposes capturing this information automatically based on different
resources.

The growth of online resources and social networks permits acquire knowledge
because they have a large amount of information. Aizenberg et al. [3] used the
information from online radio stations to create a collaborative filtering recom-
mender of music. In addition, Gottschlich et al. [12] proposed a decision support
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system for investment decision using the votes from online communities. Social
networks are used to acquire the knowledge used in recommender systems for
groups [6,21,23]. Other works use online resources to create the knowledge for a
recommender system like [4]. They created an ontology based on multiple tax-
onomies for profiling scholar’s background knowledge of recommender systems.

In the last years, there have been many approaches to acquire the knowledge
in context-aware recommender systems for tourism. Wang et al. [31] proposed
a demographic recommender system of tourist attractions. They trained differ-
ent machine learning methods to obtain the predicted rating and classify the
demographic features to provide recommendations. To do that, they used the
Tripadvisor reviews. Another similar work is proposed by Palumbo et al. [20]
who created a neural network based on the FourSquare data to create a recom-
mender system for point of interests. Other works have created some questionar-
ies to acquire the knowledge of recommender system for tourism. For example,
in [16] authors studied the influence of each context element in the recommen-
dation of tourist items. A similar work is presented in [5]. They determined
which contextual attribute is the most influential at the time of scoring a tourist
activity.

All the works enumerated here need to train their systems to create the
recommendations. By contrast, the use of a CBR system based on experience
and learning avoids the training stage. Besides, our method deals with knowledge
acquisition for contextual systems.

6 Conclusions

Contextual recommender systems have the capability to appreciate its environ-
ment and assess the situation in which the cases are to be recommended. They
provide accurate recommendations that are better adjusted to a given situation
or context. We have designed a contextual recommender system for leisure activ-
ities in Madrid using a CBR approach, where plans are stored and reused for
similar situations. In this paper, we have discussed the knowledge acquisition
difficulties of the system and how to solve the cold start situation when we have
not plans to retrieve and reuse in a certain context. We have proposed a method
where we first generate the candidate cases and then let the crowd vote to select
and filter the best cases using an Elo test. With this method we obtain a case
base with diversity, congruence between the activities, and collective knowledge
that is independent from a domain expert. We have evaluated the case base using
different metrics. We have analyzed the similarity, and coverage of the case base
taking into account the contextual setups with and without adaptation, and
we have presented a global analysis of the case base as a whole. The proposed
method is generic, reusable and captures the wisdom of crowd method.
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Capitulo 13

RECONTO: an ontology to
model recommender systems
and i1ts components

13.1. Cita completa

Jose L. Jorro-Aragoneses, Gineth M. Ceron-Rios, Belén Diaz-Agudo,
Juan A. Recio-Garcia, Diego M. Lopez-Gutierrez. RecOnto: An ontology to
model recommender systems and its components. Proceedings of 29th IEEE
Conference on Tools with Artificial Intelligence. Boston, United States. No-
vember 2017. P. 815-821.

13.2. Contribuciones de la publicacién

El objetivo principal de esta tesis es el desarrollo de una plataforma
basada en conocimiento para la construcciéon de sistemas recomendadores.
Este conocimiento lo proporciona la ontologia RECONTO que modela cémo
son los sistemas recomendadores a partir de un conjunto de componentes.
Esta publicacién describe la primera version de RECONTO.

13.3. Contributions covered by this publication

The main objective of this thesis is to develop a knowledge-based plat-
form to build recommender systems. This knowledge is provided by the on-
tology RECONTO that models how recommender systems are based on a set
of components. This publication describes the first version of RECONTO.

169



2017 International Conference on Tools with Artificial Intelligence

RecOnto: An ontology to model recommender
systems and its components

Jose L. Jorro-Aragoneses', Gineth M. Ceron-Rios?, M? Belén Diaz-Agudo!,

Juan A. Recio-Garcia! and Diego M. Lépez-Gutierrez

2

'Universidad Complutense de Madrid, Spain
Email: jljorro, belend, jreciog@ucm.es
2Universidad del Cauca, Colombia
Email: gceron, dmlopez@unicauca.edu.co

Abstract—Nowadays, recommender systems are useful tools to
filter items and information for users. There is a huge diversity
of approaches to create customized recommendations. Because of
this, a developer needs to know the features of these approaches
to select which one is the best approach in a specific domain.
In this paper, we explain the first step in the design of our
intelligent framework to create recommender systems. This first
step is called RecOnto: an ontology to model recommender
system as a collection of components related between them. This
ontology defines and classifies all components that compound a
recommender system. Moreover, depending on the information
used by the recommender system, it can filter the components
used by the system. In addition, this ontology can be extended
to add more components or apply this model in other domains.
Finally, we explain an example about how to apply RecOnto to
model CoCARE, a real context-aware recommender system in
the health domain.

[. INTRODUCTION

Recommender systems (RSs) have been an important re-
search area since the mid-90’s, defined as [1], tools for
filtering and sorting items and information. RSs use different
techniques and knowledge to identify content and items of
interest from a potentially overwhelming set of choices. In
the last few years the number of recommender systems in
different domains (Netflix, Amazon, Last.fm,...) has increased
due to the information overload that users can access [2],
[3], [4]. Recommender systems help users to find interesting
information using a variety of filtering and reasoning methods.
There is a huge diversity of algorithms and approaches that
help to create personalized recommendations.

This high number of techniques means that a developer
needs to know what the best technique is each case. Our
current work is to create an intelligence framework to ease the
creation of recommender systems. In this paper we explain the
first step. It is to design a tool that permits a future system to
knows the meaning of a recommender system and its compo-
nents. Our idea is divided recommender systems into modules,
define each component and define the relationship with the
rest of the modules. These modules and their restrictions help

This work was financed by the University Complutense of Madrid, and
Spanish Committee of Economy and Competitiveness (TIN2014-55006-R)
and supported by the national department of sciences from Colombia called
Colciencias.

2375-0197/17/31.00 ©2017 IEEE
DOI 10.1109/1CTAI.2017.00128
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the system decide what are the best modules to design a
recommender system and return a model based on the data
used.

There are different approaches to model the information
of recommender systems [5]. For our purpose we chose an
ontology-based model. This model accomplishes the goals that
we have in this model: a) create a meaning for each module;
b) define restrictions to apply to each module and c) define
a recommender system as a relationship between different
modules. The use of an ontology to model recommender
systems is not new [6], [7], [8], but usually is applied to a
unique domain. This model ties to defining a general model
that can apply to different domains.

In this paper, we present RecOnto. This is the first step
in our framework. RecOnto is an ontology to model recom-
mender systems. To apply it to most recommender system
types we defined 2 groups of recommender systems based
on [1]. This classification divides the recommender systems
into 2 groups, depending on the number of inputs: 1) classic
algorithms, like collaborative filtering, content-based filtering
and hybrids, that only use the basic information of users and
items, and 2) context-aware recommender systems (CARS).
RecOnto defines a recommender system as a collection of
modules that are connected between themselves. Then, it
classifies each module based on the information used in them.
The main contributions of our ontological model are: (1) define
and classify all elements that take part in a recommender
system and reuse these modules in a recommender system
with different domains; (2) based on the information that the
recommender system will use, filter the modules that cannot be
applied in this system; (3) define a model that can be extended
easily to apply in other domains or adding new recommender
modules.

This paper runs as follows: section II reviews the re-
lated work and enumerates some classifications of recom-
mender systems, recommender systems based on ontologies
and frameworks to create a new recommender system. Next,
section III explains the methodology used to design the Re-
cOnto ontology. In section IV, we describe the recommender
systems modelling ontology proposed in this paper and it
explains how to include a new domain classifying below the
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Capitulo 14

RECOLIBRY-CORE: A
component-based framwework
for building recommender
systems

14.1. Cita completa

Jose L. Jorro-Aragoneses, Juan A. Recio-Garcia, Belén Diaz-Agudo, Gui-
llermo Jimenez-Diaz RecoLibry-Core: A component-based framwework for
building recommender system. Knowledge Based-Systems. Vol. 182. 104854

14.2. Contribuciones de la publicacién

En esta publicacion, describimos RECOLIBRY-CORE, un framework para
desarrollar sistemas recomendadores basado en la reutilizacién de compo-
nentes de otros frameworks. Esta es una de las herramientas incluida en
RECOLIBRY SUITE, e implementa los componentes definidos en el modelo
RECONTO.

14.3. Contributions covered by this publication

In this paper, we describe RECOLIBRY-CORE, a framework to develop
recommender systems based on the reuse of components provided by third-
party frameworks. It is one of the tools contained in RECOLIBRY SUITE, and
it implements the components defined in the model RECONTO.
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Recommendation systems are a key part of almost every modern consumer website. These systems
include techniques to filter, explore and rank a huge amount of information based on users’ preferences
or similar items. Designing and implementing a recommender system from scratch require skills of
programming and recommending technologies. In this paper we describe RECOLIBRY-CORE, a frame-
work to develop recommender systems based on the reuse of components provided by third-party

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Recommender systems (RS) represent a very successful family
of systems that explore and filter knowledge about items and
users to predict the preference that a certain user would give to
an item. Recommendation is based on a number of techniques
that have been proposed in the literature (see [1] for a compre-
hensive review) and have been applied to many different domains
of applications like movies, books or music [2].

The design process of a RS from scratch is a complex task
where many decisions are taken. The system designer should be
able to choose the most appropriate recommendation algorithm
and configuration parameters. An expert designer would require
an in-depth analysis on the available data and the behaviour of
the algorithms. Besides, the choice depends on many different
factors, such as the type of knowledge about the items and the
target users, the data structure, the existence of social or contex-
tual knowledge, the performance and the size of the knowledge
base, and others.

In recent years, numerous frameworks have been created to
make RS [3-6]. However, in most of these frameworks there
are two major problems. First, many frameworks are oriented
to a single type of recommendation methods such as Lenskit [3]
(focused on collaborative filtering algorithms) or Tensorrec [6]
(focused on machine learning). The second problem of these
frameworks is that they are oriented to users with previous

* Corresponding author.
E-mail addresses: jljorro@ucm.es (J.L. Jorro-Aragoneses), jarecio@ucm.es
(J.A. Recio-Garcia), belend@ucm.es (B. Diaz-Agudo), gjimenez@ucm.es
(G. Jimenez-Diaz).
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0950-7051/© 2019 Elsevier B.V. All rights reserved.

knowledge in the development of such type of systems. They do
not offer non-expert users the guidance required to design or
deploy recommender systems. In addition, an active research area
is made tools to integrate different algorithms, for example [7], or
tools to explain users algorithms or data used in a system [8].

In this paper we present a tool to solve these problems. RE-
COLIBRY-CORE is a Java framework to create RS by reusing com-
ponents. It is a tool included in RECOLIBRY SUITE, a set of in-
telligent tools to build RS. RECOLIBRY-CORE acts as a wrapper
of components provided by third-party frameworks and it uses
the dependency injection pattern to implement recommender
systems based on the components selected by the developer.

2. Background

We have created a set of tools that facilitate the process of de-
veloping RS called REcOLIBRY SUITE, which architecture is shown
in Fig. 1. Firstly, we formalise semantically the representation of
components that are typically used in RS, defining their behaviour
and restrictions regarding their composition when developing a
fully functional RS. This formalisation is carried out through an
ontology called REcONTO. The second tool is RECOLIBRY-STUDIO. It
is a web application that guides the design process of an RS using
RECONTO. The components described semantically by the ontol-
ogy have their corresponding implementation in RECOLIBRY-CORE.
It provides the components defined in RECONTO by wrapping ex-
ternal frameworks such as Mahout [5], Lenskit [3] or jCOLIBRI [4].
In addition, RECOLIBRY-CORE allows to use dependency injection
to easily compose recommender systems from the components
provided. Finally, RECOSERVER tool automatically deploys the RS
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Fig. 1. REcOLIBRY SUITE software architecture.

Table 1
Software metadata.

Nr. (executable) Software metadata Please fill in this column
description
S1 Current software version 0.0.4
S2 Permanent link to executables of this https://github.com/UCM-GAIA/RecoLibry-Core
version
S3 Legal Software License GNU v3.0
S4 Computing platform/Operating Microsoft Windows, Mac 0Sx, Linux
system
S5 Installation requirements & Java JDK 8, Apache Maven
dependencies
S6 If available, link to user manual — if https://github.com/UCM-GAIA/RecoLibry-Core/wiki/Home-English

formally published include a
reference to the publication in the
reference list

S7 Support email for questions

jljorro@ucm.es

and creates a RestFull-API with all the RS functionalities. It allows
to use this API in an external application.

In the following section, we describe how the components
are implemented in RECOLIBRY-CORE and how it uses dependency
injection to build the final deployed RS.

3. Software framework

RECOLIBRY-CORE uses a scheme based on the definition of the
minimum set of components necessary to build a new recom-
mender system. The most important component in this scheme
is RecommenderSystem. A RecommenderSystem component
specifies the functionality of a RS. It needs two elements. The
first one is a component that implements the Recommender-
Algorithm interface. It defines the methods that an algorithm
must implement to be integrated in RECOLIBRY-CORE. The second
one is an object that implements the Query interface. The goal of
this interface is to define the structure of the queries that can be
used in the implemented RS. Finally, RecommenderAlgorithm
returns a list of RecommenderResult objects.

Regarding the concrete implementations provided by the
framework, current version includes components to develop
content-based RS, implemented through the jCOLIBRI frame-
work, and collaborative-filtering RS, implemented by the Mahout
library.

In addition, RECOLIBRY-CORE proposes a development process
based on the injection dependency pattern. Concretely, it uses

Google’s Guice library [9] to easily compose the components
included in the framework. In a nutshell, it adds a set of Java
annotations that define how the components have to be com-
bined. For example, Listing 1 shows the annotation of the Recom—
menderSystem component through the @Inject tag. This way,
we define that a RecommenderAlgorithm and a Query objects
are required to build a RecommenderSystem.

Following the dependency injection pattern, developers can
easily build a RS by extending the RecSysConfiguration class
or by defining a configuration file similar to the following one:

4. Conclusions

In this paper we present RECOLIBRY-CORE, a Java framework
to create recommendation systems using components. The large
number of existing frameworks to create recommendation sys-
tems together with the large number of recommendation tech-
niques make the design of these systems very complex. RECOLI-
BRY-CORE alleviates this problem by integrating these frameworks
into a homogeneous set of components. This way, RECOLIBRY-
CORE provides the required components to build RS and defines
a composition process through the dependency injection design
pattern that eases the development of this type of systems.

Currently, RECOLIBRY-CORE provides components to build clas-
sic RS such as collaborative filtering and content-based. In future
versions of RECOLIBRY-CORE we will add additional features such
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Listing 1: Definition of RecommenderSystem constructor.

public class RecommenderSystem {
@Inject

public RecommenderSystem(RecommenderAlgorithm
Query query) {...}

algorithm,

Listing 2: Composition of recommender system with a JSON file.

{"injections": [{
"type": "Class',
"bind": "es.ucm.fdi.gaia.recolibry.api.RecommenderAlgorithm",
"to": "es.ucm.fdi.gaia.recolibry.impl.MatrixFactorization"
4
"type": "Class',
"bind": "es.ucm.fdi.gaia.recolibry.api.Query",
"to": "es.ucm.fdi.gaia.recolibry.impl.MFQuery"
31}
Table 2
Code metadata.
Nr. Code metadata description Please fill in this column
C1 Current code version 0.0.4
(@) Permanent link to code/repository https://github.com/UCM-GAIA/RecoLibry-Core
used of this code version
Cc3 Legal Code License GNU v3.0
C4 Code versioning system used Git
C5 Software code languages, tools, and Java 8
services used
C6 Compilation requirements, operating Apache Maven
environments & dependencies
Cc7 If available link to developer https://github.com/UCM-GAIA/RecoLibry- Core/wiki/Home-English
documentation/manual
Cc8 Support email for questions jljorro@ucm.es
as explanations or group-based and context-aware recommenda- References

tions.
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Capitulo 15

RECOLIBRY SUITE: a set of
intelligent tools for the
development of recommender
systems

15.1. Cita completa

Jose L. Jorro-Aragoneses, Belén Diaz-Agudo, Juan A. Recio-Garcia, Gui-
llermo Jimenez-Diaz RecoLibry Suite: a set of intelligent tools for the deve-
lopment of recommender systems. Automated Software Engineering. To be

published.

15.2. Contribuciones de la publicacién

Esta publicacién describe la principal contribucién de esta tesis, la pla-
taforma RECOLIBRY SUITE. En este articulo, describimos un modelo, una
metodologia y un conjunto de herramientas que facilitan el proceso de desa-
rrollo de los sistemas recomendadores. Ademés, esta publicacién compara la
plataforma con otros frameworks.

15.3. Contributions covered by this publication

This publication describes the main contribution of this thesis, the plat-
form RECOLIBRY SUITE. In this paper, we describe a model, a methodology,
and a set of tools that ease the developing process of recommender systems.
Also, this paper compares our platform with other frameworks.
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1 Introduction

Recommender systems (RS) represent a very successful family of systems that
explore and filter knowledge about items and users to predict the rating that a
certain user would give to an item. The extended use of recommender systems is
best known for their use in e-commerce websites (Paraschakis et al. 2015), where
they use input about the users interests to generate a list of recommended items.
Recommender systems are useful to discover new items and personalize the list
of recommendations according to the user preferences and contextual proper-
ties. For example, recommender systems typically suggest similar items to users
based on past items they have reviewed or purchased. The system can also iden-
tify which items and users are similar to each other according to their properties
and interaction story. Recommendation is based on a number of techniques that
have been proposed in the literature (see Ricci et al. 2015 for a comprehensive
review) and have been applied to a numerous domain of applications: movies,
books, music, etc. (Paraschakis et al. 2015).

The development of a recommender system from scratch is a complex task
where many decisions are made regarding its design and implementation. To alle-
viate this process, in the last few years there has been a proliferation of frame-
works and code libraries that assist users in this task (Ekstrand et al. 2011; Schel-
ter and Owen 2012; Sarwat et al. 2017; Chan et al. 2013; Recio-Garcia et al.
2014a). However, the development process of a recommender system must be
adapted to the technical skills of the users involved in its definition and devel-
opment. Designers require high-level tools to import the required data, select
a proper recommendation technique and deploy the system. On the other hand,
developers with technical skills may prefer a low-level framework or library that
can be customised or extended through a programming interface.

Despite the users’ technical skills, development of a recommender system
implies many processes and decisions. Users must be able to choose the most
appropriate recommendation algorithm or hybrid approach together with its
configuration parameters. They would require an in-depth analysis on the avail-
able data and the understanding of the behaviour of the algorithms. Besides, the
choice depends on many different factors, like the type of knowledge about the
items and the target users, the data structure, the existence of contextual knowl-
edge, the performance and the size of the knowledge base, among others.

Therefore, the creation of a recommender system does not only require a
low-level framework or library, but also the definition of a whole architecture
and the design of a process to guide the development according to the user’s
requirements. Following this assumption, we present REcoLiBRY SuITE, a devel-
opment methodology and set of tools that allow users to easily design, develop
and deploy recommender systems. The first tool, RECOLIBRY-CORE, is an object-
oriented framework in Java that offers a catalogue of components for the imple-
mentation of recommender systems. The second tool, RECOLIBRY-STUDIO, 1s a web
application with a visual interface, where non-expert users can design a system
by specifying its required functionality in terms of the inputs and the expected

@ Springer
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outputs. Both tools use the RECONTO ontology to guide the development, connect-
ing the components and verifying the system restrictions. Finally, the RECOSERVER
tool deploys the generated system to a web server, creating a set of web services
in order to use the recommender system.

Our approach is mainly based on reusing software components. Software reuse
is a goal that the Software Engineering community has pursued from its very begin-
ning (Mcllroy 1969; Frakes and Nejmeh 1987). When designing a new recom-
mender system the use of libraries of software components requires specific pro-
gramming skills, a detailed model or software specification, and expert knowledge
about the recommendation domain. Our research group' has a long trajectory on the
development of tools and frameworks (Gomez-Albarran et al. 1998; Bello-Tomas
et al. 2004; Recio-Garcia et al. 2014a) based on reusing components.

A contribution of this paper is an exhaustive analysis of the existing frameworks
for the development of recommender systems, which is reported in Sect. 2. Next,
Sect. 3 describes the design principles of REcoLiBry Surtk. It defines the tools work-
flow, i.e., the steps needed to design and develop a recommender system, followed
by a description of the 3 tools contained in RecoLiBry Surte and described Sect. 4:
REcoOLIBRY-CORE, RECOLIBRY-sTUDIO and RECOSERVER. This section also deepens on
how the component-based development in applied in the design process.

Later, we evaluate the usability of RecoLisry Suite with real users. Our hypoth-
esis is that REcoLiBry Surte tools simplify the process of designing and implement-
ing a new recommender system. To do that, we have compared the development
process of recommender systems using different frameworks. The results detailed in
Sect. 5 are satisfactory based on users’ answers. Finally, this paper is concluded in
Sect. 6, where lines of future work are presented.

2 Review of related work

There are different families of recommendation algorithms. Collaborative filtering
algorithms employ a set of user ratings over items to recommend items with similar
ratings, or items that have been useful to users with similar ratings (Su and Khosh-
goftaar 2009). On the other hand, content-based algorithms compare user prefer-
ences, usually stored in a user profile, with the item description to know which items
are relevant to users (Lops et al. 2011). Contextual recommendation systems have
become popular in recent years (Adomavicius and Tuzhilin 2015). These systems
use dynamical context information, like location, time, weather... that can influence
the user to change their preferences (Chen et al. 2000; Van Setten et al. 2004; Jorro-
Aragoneses et al. 2017b; Ayala-Gomez et al. 2018).

With the large number of algorithms and possible configurations the process of
developing a recommender system is not trivial. In recent years, numerous frame-
works have been developed to create recommender systems. Table 1 shows a list
of frameworks created since 2011. A total of 22 different frameworks have been

! http://gaia.fdi.ucm.es.
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analysed. All of them are open source or academic frameworks. In the table we have
pointed out the following features for these frameworks:

e The type of algorithms implemented in each library (collaborative filtering, con-
tent-based and machine learning algorithms).

e The existence of a graphical interface that helps users to create the recommender
system.

e The flexibility to extend the framework creating new algorithms using the frame-
work resources.

e The integration of tools or methods to evaluate the recommender systems cre-
ated.

e The capabilities to help users to deploy the created recommender system.

If we analyse the types of algorithms implemented, we can see that most of them
use collaborative filtering algorithms and/or machine learning. This is due to the
popularity that both methods have obtained in the last years. First of all, collabo-
rative filtering algorithms have come a long way since Netflix proposed a contest
to enhance the recommendation system in their platform (Koren and Bell 2015).
Thanks to this fact, most libraries supports the use of collaborative filtering algo-
rithms. Two libraries are the most popular among the analised frameworks. Len-
skit (Ekstrand et al. 2011) has a prominent popularity due to its widespread use at
the academic level and in the recommender system called MovieLens (Harper and
Konstan 2015), which offers different datasets employed to evaluate recommend
systems. Another popular library is Mahout (Schelter and Owen 2012), which is
widely used for its ease of creating recommendation systems based on collaborative
filtering. Another framework that uses collaborative filtering algorithms is RecDB
(Sarwat et al. 2017). Its main feature is that it is not a programming framework but
a module that is installed in PostgreSQL to retrieve recommendations directly from
the database created by the user.

On the other hand, the increase in information and the lower cost of devices for
storing it have popularised the use of machine learning techniques (Landset et al.
2015). Libraries that use machine learning can be classified into 2 groups: those that
use an external library for machine learning algorithms or, on the other hand, those
that implement the algorithms within the library itself. In the first group we find
libraries such as PredictionlO (Chan et al. 2013), Apache Mahout, Oryx v2 (Sean
2018) and Seldon,? which delegates on the Apache Spark library (Apache 2016) for
their recommendation systems. In the same group we find TensorRec (Kirk 2018),
which uses the Tensorflow service (Abadi et al. 2016). In addition to all these frame-
works, SpotLight (Kula 2017) uses the PyTorch library (Paszke et al. 2017) to apply
Deep Learning algorithms in recommendation systems. The rest of frameworks that
use machine learning methods implement their own algorithms.

2 https://www.seldon.io/.
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Table 1 also shows that the least common type of algorithm implemented in the
analysed frameworks is content-based. Among the frameworks that provides this
type of algorithm we find LightFM (Kula 2015), Rexy (Vand 2017), LibRec (Guo
et al. 2015) and MyMediaLite (Gantner et al. 2011). In addition to these frame-
works, we want to highlight the jcoLiBri framework (Recio-Garcia et al. 2014a) that
supports the creation of case-based reasoning (CBR) systems (Kolodner 2014). In
(Recio-Garcia et al. 2008) the authors explain how to use jcoLiBRI to develop recom-
mender systems.

Another feature commonly found in the analysed frameworks is that most of them
are oriented to users with high skills in application development and, more specifi-
cally, in developing recommender systems. Only two of them have a graphical inter-
face to support the creation of recommendation systems. PredictionlO allows the
customisation of a set of templates to create recommendation systems, whereas jco-
LiBrI provides the COLIBRI-Studio application (Recio-Garcia et al. 2014b) that sup-
ports the creation of CBR systems using a graphical interface.

At the experimental level, one of the most important characteristics that a frame-
work must have is extensibility in order to ease the implementation of new algo-
rithms reusing the elements provided by the library. Table 1 shows that only half of
the frameworks allow the implementation of new algorithms. In some cases this is
due to the use of an external API, as in the case of TensorRec, or because the frame-
work is designed to create final recommender systems, as is the case of RecDB.
Another important aspect at experimental level is the support to evaluate the sys-
tems created by the users. For this reason, almost all frameworks have tools and
methods to evaluate the developed recommender systems.

The last aspect we have analysed is whether the framework supports the deploy-
ment of the recommender system in production. This feature is only included in a
few libraries. This is due to the difficulty of generalising the steps to deploy a system
automatically.

3 Design of the RecoLisry Suite tools

According to the weaknesses found in the frameworks analysed in previous section,
we have defined the following underlying design goals for the RECOLIBRY SUITE:

e Complete: the framework must contain up-to-date algorithms used in recom-
mender systems.

e Extensible: it is easy to integrate new algorithms into the framework and make
them available for future reuse.

e Flexible: each reusable component includes a set of parameters to configure the
algorithm.

e User-oriented: our tools must be adapted to users with different technical skills:
the framework provides different interfaces and GUI tools to create recom-
mender systems for user without programming experience.

e Self-contained: the framework generates standalone systems without external
dependencies.
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Fig. 1 RecoLiBry Surte workflow to develop a recommender system

Following these design goals next section gives an overview of the development
process for creating a new recommender system with RecoLiBry Surte. First, we
introduce the steps to design and develop a recommender system and we explain
how we implemented these steps in the REcoLiBrY Suite workflow. Next, we present
the knowledge-level description of the software components through REcONTO and
how this ontology guides the user in the development process.

3.1 Development process in RecoLisry Suite

The development of a recommender system in REcoLiBry Suite has been defined as
a four steps process: Knowledge, Input/Output, Algorithm and Deploy. This devel-
opment process is illustrated in Fig. 1 and it runs as follows:

1. Firstly, it is necessary to determinate the knowledge available for generating the
recommendations. For example, a recommender system of movies must be imple-
mented using a collaborative filtering approach only if movie ratings are available,
or a content-based approach if the designer provides movie descriptions. This
way, once the available knowledge is defined, our tools will be able to select the
most suitable algorithm.

2. The next step in the design process is the definition of the input and output of the
recommender system. The system input will establish the kind of query submitted
by the final users. For example, the query could be just a user identifier and the
system will return a recommendation for this user (individual recommender), or
the query could be a set of identifiers that represents a group of users who want
to watch a film together (group recommender). The output of the recommender
system has also a direct impact in the recommendation algorithm, as it can be
a rating prediction, a list of items recommended to a user, or a diversified set of
items, among others.

3. When users have defined the previous steps, the system has enough information
to guide them in the selection of the most suitable recommendation algorithm.
This critical step is guided by the knowledge contained in the ontology described
in Sect. 3.2. Most of the algorithms will be filtered according to the restrictions
defined in the previous steps although there are more features to be taken into
account. For example, sometimes the data used in a recommender system has
some problems or specific features, like the long-tail problem (a few items have
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Fig. 2 RecoLiBry SuITE software architecture

many ratings and, on the other hand, many items have a few ratings). In these
cases, there are algorithms specifically suited for this kind of datasets that should
be proposed by the REcOLIBRY SUITE tools.

4. The final step in our development process is the deployment. Our tools are able
to provide a fully-functional and ready-to-use recommender system that can be
integrated in a commercial system or, alternatively, could be evaluated in order to
check its performance. The most flexible alternative to achieve these goals is the
deployment of the recommender system as a service. However, it is technically
difficult as the developer needs to configure a server, install the required packages
and launch all the services.

The tools in RecoLiBry Surte (Fig. 2) support the development process described
above. The first three steps can be performed using RECOLIBRY-CORE or RECOLIBRY-STU-
pio, depending on the programming skills of the user who defines the recommender.
Additionally, we provide the RECOSERVER tool that supports the automated deploy-
ment of the recommender system designed with RecoLiBry Surte. The tools will be
described in depth in Sect. 4.

Development process and tool dependencies are also orchestrated by the knowledge
level descriptions in the RECONTO ontology. Next section explains in detail how this
knowledge is represented in REcONTO.
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3.2 Knowledge level descriptions using RecOnTo

Component-based software design has long been popular in the development of
complex systems (Szyperski 1999; Heineman and Councill 2001). The use of reus-
able components reduces the cost of system development by focusing on specific
system functionalities. This type of design is equally useful in recommendation
systems (Szyperski 2000). Most of these systems can be decomposed into compo-
nents with a single functionality, e.g. managing user ratings, generating the query
used by the recommender system, etc. The behaviour, requirements and signature
of a component can be described semantically in order to use this knowledge to
guide the user during the composition of a recommender system. This is the goal of
RecONTO (Jorro-Aragoneses et al. 2017a), an ontology that describes semantically
the components integrated into RECOLIBRY-CORE to validate the correctness of the
systems implemented by developers. Moreover, this ontology is used to guide the
high-level development process followed by the RecoLiBry-stupio tool. This way,
RECONTO is a basic building block in the software architecture of REcOLIBRY SUITE,
as illustrated in Fig. 2.

A useful way for describing components is in terms of the tasks to be solved, the
goals to be achieved, the methods that will accomplish those tasks, and the domain
knowledge that those methods need. A description along these lines is referred to as
a knowledge level description Newell (1982).

REcoLiBrRY Surte uses the same approach employed in jcoLiBrl (Recio-Garcia
et al. 2014a) and relies on REcONTO for organising the terminology found in rec-
ommender systems to provide a framework-independent basis for new systems.
REecONTO compiles a common language to define the elements that compose a rec-
ommender system and to support the development of generic recommender system
methods reusable through different domains. RECONTO® is represented using the
Ontology Web Language (OWL) standard.

First of all, we have defined the elements that compose a recommendation system
following a component-oriented schema. Each component represents a functionality,
for example, a component that stores the information of an item. Once we have cre-
ated a framework-independent representation of the required component, it is linked
to a concrete instantation of such behaviour. This way, each semantic description
of a component in REcONTO will be linked to a concrete implementation (a class or
interface) in RECOLIBRY-CORE. This semantic description will also include the set of
rules that specify how components can be composed with each other.

The main scheme of REcCONTO, as long as the most important components, is
shown in Fig. 3. A recommender system (class Recommender System) is asso-
ciated with an algorithm (Recommender Algorithm). Each algorithm is con-
nected to various components that define the information they will use and return
for each recommendation. A recommendation algorithm must have at least 2 defined
components: a Query and a Result Returned.

3 An interactive visualisation of the ontology is available at http://gaia.fdi.ucm.es/ontologies/reconto.
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Fig. 3 Most important components in REcONTO.

A Query represents the data sent to the recommender system to obtain a
result. For example, a Query stores the identifier of the user for whom you want
to obtain a set of recommended items. On the other hand, Result Returned
represents the response that we expect from the recommender system. We define
three different types of recommendation results. The first one is Top-K Ele-
ments, which represents a list of K elements sorted by relevance. The second
is called Rating Predicted and returns the prediction of the recommender
system for an item. The last one represents the Explanations generated by
the recommender system about the calculated recommendation. A recommenda-
tion system can return one or more types of result, e.g. a rating prediction and an
explanation.

In addition to these components, a recommendation algorithm may be associated
to one or more components of the Knowledge category. These components will
provide information that a recommender system will use in its recommendations,
either because they concern the catalogue of items to recommend, or because they
are information that the system will use to infer the results. REcONTO defines 4 types
of knowledge. Ttem Data is a representation of the information that the system
has about an item. The second type of knowledge is User Data. It contains all
the information that allows to describe a user or his preferences. Another category
of knowledge is Rating Data. It groups together all the elements that define a
rating: the user who rates, the rated item and the rating itself. This makes Rat-
ing Data dependent on Item Data and User Data. The last category of
knowledge is Domain Data. Within this category is classified any data set that
provides information from the recommendation domain, i.e., from the scope of the
items being recommended.
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All elements belonging to Knowledge category are connected to a Knowl-
edge Source, a data structure that stores all the data associated with that knowl-
edge. In addition, it provides a set of functions for adding, removing or modifying
attributes of that knowledge.

When a recommendation system uses a Knowledge component, there may be
some features that can characterise the information source that will be important for
the recommendation process. For this reason, a Knowledge may be characterised
by one or more Knowledge Property elements. For example, a set of ratings
may suffer from a sparsity problem, i.e. there are many empty values in the matrix
of user ratings and items.

All the components previously described are associated with different types of
recommendation algorithms. RecONTO defines three large groups of recommen-
dation algorithms: Collaborative Filtering, Content Based and
Knowledge Based. Within these classes, we find all recommendation algorithms
implemented in the RECOLIBRY SUITE tools.

Every algorithm that exists within RecONTO defines a set of rules that fixes
with which components can relate to. These restrictions are represented using the
Description Logic capabilities of the OWL language. Description Logics (DLs) are
a family of class-based knowledge representation formalisms that model concepts,
roles and individuals, and their relationships. In addition, DLs allow to ask questions
about the concepts and instances described.

Having all this knowledge available implies that our tools are able to find the
algorithms that best fit the set of components defined by a user. This way, the
RecONTO ontology supports the intelligent composition of recommender systems
using the REcoLiBrY SuITE tools, that we will describe next.

4 RecoLisry Suite tools

REcoLiBry Suite comprises 3 tools for the design and deployment of recommender
systems: RECOLIBRY-CORE, RECOLIBRY-STUDIO and RECOSERVER.

Depending on the programming skills of the user who defines the recommender
system, the design can be made using RECOLIBRY-CORE or REcOLIBRY-sTUDIO. If users
are experts on the development of recommender systems, they can use RECOLIBRY-
core. Using this tool, users can create a recommender system by combining the pro-
vided components programmatically. On the other hand, if users do not have enough
development skills they can use RecoLisry-stubio. It is a web application that
guides the development of a recommender system using visual tools, which suggest
the most suitable algorithm according to the available knowledge and the input/out-
put restrictions defined by the user.

Finally, REcOSERVER will be responsible for the deployment of the recommender
system developed either with RECOLIBRY-CORE or RECOLIBRY-STUDIO, instantiating the
recommender system and generating its corresponding RESTful API to be used by
external applications.

In the following subsections we will explain in detail each of these tools.
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Fig. 4 Recommender systems scheme in RECOLIBRY-CORE

4.1 RecoLiBRY-CORE

REcOLIBRY-CORE is a Java framework to build recommender systems (Jorro-
Aragoneses et al. 2019). It follows a component-based architecture that eases
the process to create new components, reuse them and build new recommenda-
tion systems by coupling these components together. RECOLIBRY-CORE defines the
schema of a recommender system using a set of interfaces and abstract classes.

This schema manages the workflow among components to correctly execute
the basic functions of a recommender system. These basic functions are: ini-
tializing the recommender system, computing a recommendation from a query
and closing the recommender safely. Figure 4 shows the UML diagram with the
classes that define the main scheme of a recommendation system in RECOLIBRY-
Ccore. The most important component is the RecommenderSystemn class. This
class defines that a recommender system is composed by:

¢ RecommenderAlgorithm: it is an interface that defines the methods that
a recommender algorithm must implement to be integrated into REcOLIBRY-
corE. It specifies methods to initialise and release the component and to pro-
vide the recommendation itself.
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e Query: it is an interface that defines the structure of the queries that can be
made to the recommender system. This interface manages queries as bean (pojo)
objects.

e RecommenderResult:itis a class that stores the results generated by the rec-
ommender system. This class contains the recommended item and the recom-
mendation value, obtained with the recommendation algorithm.

RECOLIBRY-CORE reuses the implementations for recommender system algorithms
taken from several third-party libraries (some of them reviewed in Sect. 2). Obvi-
ously, we cannot use most of the components directly as they will be very hetero-
geneous. Therefore, the REcOLIBRY-CORE framework acts as a wrapper that encap-
sulates them. In the current version, REcOLIBRY-CORE has component instantiations
to develop either content-based recommender systems—using the jcoLiBri library—
or collaborative-filtering recommender systems—implemented with the Mahout
library.

To facilitate the reuse of recommended system components, RECOLIBRY-CORE has
been designed using the dependency injection programming pattern. This design
allows you to create different components and define how they must be coupled
to make a new recommendation system. The main advantage of using dependency
injection is that it isolates the usage from the creation of the object, simplifying the
creation of a recommender system with a few lines of code or even from a configu-
ration file. Dependency injection in REcoLIBRY-CORE is supported by Google Guice
library.* This library adds a set of Java annotations that define how the components
have to be coupled and how to build the recommender system automatically.

There are tow ways to specify how to compose the components in order to create
a recommender system: by implementing a class in Java or by using a configura-
tion file. The first option consists on implementing a class that inherits the abstract
class RecSysConfiguration. This class defines the methods that the user has
to implement to build a recommender system. The second way to define the rec-
ommender system is through a JSON file. This configuration file can be defined
manually or generated automatically by the RecoLiBry-sTupIO tool. Moreover, this
configuration file contains all the information required to deploy the defined recom-
mender system into RECOSERVER. Both processes will be detailed in the following
subsections. Concretely, it is RecommenderSystemFactory the class in charge
to generate an instance of the recommender system from that configuration file.

RECOLIBRY-CORE is publicly available in a Github repository’ and it includes
a development guide with additional details about the creation of a recommender
system using this framework. Jorro-Aragoneses et al. (2019) also provides further
docummentation.

4 https://github.com/google/guice.
5 https://github.com/UCM-GAIA/RecoLibry-Core.
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4.2 RecoLiBry-sTuDpIO

The process of creating a new recommender system using RECOLIBRY-CORE can over-
whelm users with low experience in recommender systems or low programming
skills. RecoLiBrY-sTUDIO is a more suitable tool for non-developer users, oriented
to design recommender systems. It consists on a web application where designers
can define recommendation system using visual elements and an intelligent assistant
that guides the designers in the selection of which algorithms they should apply to
their recommender systems.

Another feature of RECOLIBRY-STUDIO is its capability to check the correctness of
the combination of components selected by the user thanks to (Sect. 3.2). While
designers are choosing the components for their recommender system, REcOLIBRY-
stupio checks whether these components are correct and which algorithms could be
applied by checking them against the ontology.This feature allows REcOLIBRY-STUDIO
to be used also as an academic tool.

RecoLiBry-stubio follows the four-step design process explained in Sect. 3.1:
define the knowledge, select the input and output information (query and results),
select the recommender technique and deploy the system designed. RecoLibry-
Studio uses the ontology to show which algorithms can be used based on the input
and output selected. In addition, once the designer has completed the recommender
system configuration, she will download a configuration file to instantiate the rec-
ommender system with RECOLIBRY-CORE or to deploy the recommender system in
RECOSERVER.

Each step will be explained in detail below. We explain the process using an
example to create a movie recommendation system. This system will use the Mov-
ielens dataset.® For each step we explain the information a final user should input
and the corresponding intelligent assistance provided by RECOLIBRY-STUDIO.

4.2.1 Knowledge source

As we defined before, the first step in the system design in RECOLIBRY-STUDIO is to
determine the knowledge sources of the recommender system. To define the data
source where the system will retrieve these information, RECOLIBRY-STUDIO uses
connectors.

A connector is a component that reads the information employed by the rec-
ommender system. In addition, this connector can write back new information or
modify any saved data. Designers should specify which type of format their data-
sets have. REcoLiBry-sTuDIO allows connecting the system to a SQL database or to
a file with the information (JSON, CSV or XML). Depending on the connector type
selected, designers should insert the information to connect with this information
source. When designers select to use their own connectors, RECOLIBRY-STUDIO analy-
ses the provided dataset, the attributes that define items and designers, and how rat-
ings are specified.

® https:/grouplens.org/datasets/movielens/.
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Fig.5 Window to select the knowledge Source in RECOLIBRY-STUDIO

Figure 5 shows how to configure the Knowledge Sources step for our example. In
this case we use as knowledge source a CSV file that contains all the movie ratings.
For that reason, in this step we select our own connector. In addition, we select the
type of connector—in this example the type is CSV—and which files it will use—in
this example it will only use a rating file. After clicking on the Connect button, Rec-
oLiBRrY-sTupIO Will read the CSV file header and will show which attributes represent
users, items or ratings. In this example, the first 2 have only one identification attrib-
ute. In the case of ratings, we have: the id of the user, the id of the item, the rating
that the user made to the item and when he made that valuation.

Once designers have defined the knowledge source used by the systems, they can
complete the next step in the recommender design: the input and the output of the
recommender system.

4.2.2 Query design

In the Query Configuration form, designers describe which information their sys-
tems will receive from final users when they want to obtain a recommendation. In
this step, the system shows all the previous information added in the knowledge
source step. This way, designers can select which attributes will be in the query.

Following our example, the recommender system only needs to receive the iden-
tifier of the user for whom the recommendation is to be made. In the configuration
of the query we select the user identifier as the unique value of the query, as shown
in Fig. 6.
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4.2.3 Output data

Next, designers should define the information that they expect as the result of
the recommender system. This configuration is done in their Result Values form.
It shows a list where designers select how the solution is displayed by the system.
For example, a recommender system can return a user rating prediction for an item.
Depending on the result configuration selected, RECOLIBRY-STUDIO shows a set of
features to configure this type of solution. In our example, we want to receive a list
with the top-5 recommended films and their recommendation value. Figure 7 shows
how this step has been configured for our example.

When designers finish this step, REcoLiBry-sTupIO has enough information to
assist the designer to select the most suitable recommendation algorithm according
to the defined knowledge source and input/output descriptions. We will explain this
step in the next section.
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Select Algorithm Type
[-] Matrix Factorization Collaborative Filtering
SVD Collaborative Filtering
Euclidean Similarity Collaborative Filtering
Pearson Similarity Collaborative Filtering

Generate JSON configuration Execute in RecoServer

Fig.9 Window to select the algorithm for the recommender system

4.2.4 Algorithm selection

This is the most important step in our design process. Using the restrictions defined
by the designers in previous steps, RECOLIBRY-STUDIO shows all the recommendation
algorithms compatible with these restrictions. This way, designers select the algo-
rithm to use in their systems.

In this step, RecoLiBry-stupIo collects the information defined in the previous
steps. Then, RecoLiBrY-sTuDIO sends these restrictions to RECONTO in order to fil-
ter all the algorithms compatible with these specifications. When RECOLIBRY-STU-
pIo receives these algorithms, it shows them to the designer, together with their
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features (name of the algorithm, algorithm type, implementation, etc.). This way, the
designer can make an informed decision about the most suitable algorithm to use in
the recommender system.

For our example, REcOLIBRY-STUDIO prepares the information to send to REcONTO.
Figure 8 shows the aspect of this query. In this case, the query asks for any algorithm
that uses Anonymous Items, i.e. they are defined only by an identifier; Anonymous
Users, 1.e. they are defined only by an identifier; and Ratings. Next, RECONTO returns
a set of individuals that match these properties. In this case is a set of collaborative
filtering algorithms. REcoLiBrY-sTuDIO shows the result as shown in Fig. 9. Accord-
ing to the restrictions that we have included previously, these are the algorithms that
best adapt to our recommender system. REcOLIBRY-sTuDIO recommends four algo-
rithms: two of them based on kNN using different similarity functions (Euclidean or
Pearson), a matrix factoring algorithm and the SVD algorithm. In our case we select
the matrix factorization.

When designers finish this step, they have their system completely configured.
Then, ReEcoLIBRY-STUDIO is able to generate the configuration file to either config-
ure a local recommender system using RECOLIBRY-CORE or to deploy that recom-
mender into RECOSERVER as software as a service. The first method that configures
the recommender system locally using REcOLIBRY-CORE and the configuration file is
detailed in Sect. 4.1, whereas the second option where REcOLIBRY-STUDIO sends the
configuration to RECOSERVER for the deployment of the recommender is explained
next.

4.3 RECOSERVER

The third tool within REcoLiBRY SuITE is R Eco S ERVER . The main goal of this tool
is the automatic deployment to a web server of the recommender systems created
with the tools explained above. For each recommendation system, a web application
and a RESTful API will be deployed with all the web services required to let exter-
nal applications use the recommender. This RESTful API acts as the back-end of the
RS whereas the web application is a front-end by default.

To do so, RECOSERVER uses Docker technology (Merkel 2014) which facilitates
to create, deploy, and run applications by using containers. A container is a light
version of a virtual machine. Each container only contains the operating system ser-
vices required by the encapsulated application. This allows the recommendation sys-
tems to be deployed in a simple way and to be lighter than a full web server.

All the recommender systems deployed in RECOSERVER have the same scheme.
The Docker container has an Apache Tomcat server that runs the application and
a MySQL database to manage the required dataset. Besides, each system has a an
instance of the REcoLIBRY-CORE framework. As we explained in Sect. 4.1, this frame-
work is in charge of the instantiation of the recommender system. Finally, the con-
figuration file that we have seen in Sect. 4.2, which defines the structure of the rec-
ommender system to be deployed, is included in the contanier. Once the container
is deployed, RECOSERVER creates a unique URL to access both the web application
(front-end) and the web services (back-end).
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&8 Item

Show 10 j entries Search:
Service ™ Type Path
Add a new item POST /items/add
Get all items GET /items
Get an item by id GET fitems/{item-id}
Remove an item by id DEL fitems/{item-id}

Showing 1 to 4 of 4 entries Previous n Next

Fig. 10 Example of web services to manage the Recommender System’s items

Table 2 Basic web services included in all system deployed in RECOSERVER

URL Method Description

/query GET This web service allows the developer to know all the attributes to
complete in the system query

/recommender/init PUT This service executes the init function of the recommender system

/recommender GET Returns the result of the recommender system from a query object

This URL allows designers to access all the services associated with their rec-
ommender system. When accessing that URL, the designer will see a web page
like the one shown in Fig. 10. This interface shows all the web services deployed
and their associated parameters. The number, nature and signature of the web ser-
vices depends on the recommender system created by the designer. For example,
if the recommender system has some source of associated knowledge, it will have
different services to manage that information (add or delete data, etc.). However,
all recommender systems have some basic web services to obtain a recommenda-
tion, and to obtain query. Table 2 shows the common web services include in all
recommender systems deployed in RECOSERVER.

In addition to previous web services, RECOSERVER also deploys a basic web
application that acts as a front-end of those web services. This application allows
to test the recommendation systems created with a visual interface through a web
browser. Figure 11 shows an example of such a front-end created by RECOSERVER.

As we have presented, the applications contained in R ECO L 1BRY S UITE ease
the generation of a recommendation system. These tools cover all the necessary
steps in the development of this type of systems: design, implementation and
deployment. Next, we describe how we have evaluated these tools.
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Book Recommender Recommender System Add ltem

Recommender System

author

Mark

yearOfPublication

1998

isbn title author yearOfPublication similarity
671867156 Pretend You Don't See Her Mary Higgins Clark 1998 0.5
60929790 One Hundred Years of Solitude Gabriel Garcia 1998 0.5
Marquez
60977493 The God of Small Things Arundhati Roy 1998 0.5
671023616 Postmortem (Kay Scarpetta Mysteries Patricia Cornwell 1998 0.5
(Paperback))
374270325 A ManinFull Tom Wolfe 1998 0.5

Fig. 11 A recommender system web application

5 Evaluation of the approach

The main objective of REcoLIBRY SUITE tools is to facilitate the process of design
and development of recommender systems for all types of users. For this rea-
son, the REcoLIBRY SUITE uses a component-based design process and a com-
mon vocabulary, described by the REcONTO ontology, to define and reuse these
components.

In order to evaluate the proposed design process and the associated support tools,
we have conducted an experimental evaluation that compare the development pro-
cess using REcoLiBry Surte to two widely used frameworks: Mahout and jCOLIBRI.
The choice of these frameworks is motivated by its specialisation in collaborative
filtering and content-based recommendation, respectively. As each framework has
its own focus, we tried to select a representative example of the two most common
approaches, in order to compare them to RecoLiBry-sTupio, which may be consid-
ered a wider system that supports the design of different types of recommender
systems.

Our hypothesis before conducting the evaluation are the following:

1. RecoLiBrY-sTuDIO increases the efficiency to design and implement a recom-
mender system.

2. RecoLiBry-sTuDIO is understandable and easy to use.

3. REecoLiBry-stuDpIO helps to understand how a recommender system works.
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Therefore, we develop an evaluation with users where the participants would
design a movie recommender system using the MovieLens dataset and evaluate
several aspects of the development processes associated to the three aforemen-
tioned frameworks. The recommender system chosen for the comparison was a
standard and well-known recommender: a user-based collaborative filtering sys-
tem. Specifically, the recommendation system uses a K-Nearest Neighborhood
(KNN) algorithm to estimate the most similar users to the target user in order to
recommend her a new movie. In order to calculate the similarity between users,
the metric to apply was the Euclidean distance. As every framework may be spe-
cialised in a concrete recommendation approach (content-based, collaborative fil-
tering, etc.) we chose this concrete recommender system because it was common
to the three frameworks being compared.

Thirty two users participated in the experiment. These users were users with
a basic level of computer skills, i.e. users who know office applications and have
worked with web applications or users who can develop basic software applica-
tions and have not worked with artificial intelligence algorithms.

1. During the introductory session, we explain the participants the theoretical foun-
dations of recommender systems. Concretely, we detail how a recommendation
system based on collaborative filtering works. We introduce the KNN algorithm
and the Euclidean distance.

2. Next, we show users how to implement the recommender system using the
Mahout framework. At this point, we explain which Mahout components are
required to implement this functionality, and how they are composed to obtain
the desired recommender system.

3. Next, the implementation using jcoLIBRI is presented. We explain how this frame-
work, oriented to content-based recommendations, can be used to implement
recommender systems. Again, we explain the components required and how they
are composed in order to obtain the target recommender system.

4. Finally, we show users how to make the recommender system using the Rec-
oLIBRY-STUDIO application. At this point, we explain each of the steps they have
to follow to configure the recommender system. At the end of the process, we
also show the participants how the deployment of the recommender system in
RECOSERVER works.

At the end of steps 2, 3, and 4, users have to complete a questionnaire that analysed
the difficulty of designing and implementing the recommendation system using the
corresponding framework. Concretely, we asked the users for evaluating (using a
1-5 Likert scale) the following metrics related with the framework employed:

Q1: Estimated time to design a recommender system.

Q2: Estimated time to implement a recommender system.

Q3: Difficulty to understand how the framework works.

Q4: Difficulty to develop by themselves a new recommender system using the
framework.
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Design

RecolLibry Studio 18.8% 12.5%

jColibri 15.6% 18.8%

Mahout REPAZ) 21.9% 6.2%

0% 20% 40% 60% 80% 100%

B Impossible M > 1 week 1week M 1day-1week M <1day

Implementation

RecolLibry Studio 18.8% 15.6%

28.1% 18.8%

Mahoutfli 25.0% 12.5%
0% 20% 40% 60% 80% 100%
B Impossible M > 1 week 1week M 1day-1week M <1day

Fig. 12 Estimated time to design (top) and implement (bottom) a recommender system using the selected
frameworks, corresponding to metrics Q1 and Q2

e (Q5: Difficulty to understand the components and how a recommender system
works using the framework.

In the following section, we analyse the results obtained by this experimental
evaluation.

5.1 Results

Our first hypothesis supposes that RecoLiBRY-sTUDIO increases the efficiency to
design and implement a recommender system. The results in Fig. 12 shows the
distribution of the answers for Q1 and Q2, which support our expectations. These
results clearly show that REcoLiBrY-sTuDIO is considered the fastest design tool as
28.1% of users believe that it would take less than a day to design a recommender
system with it. In Mahout’s case this percentage is only 6.25%.

Regarding the implementation (Fig. 12, bottom chart) corresponding to metric
Q2, RecoLiBrY-sTuDIO is again the framework that users consider would take less
time. The users who consider that they will take less than a day using REcOLIBRY-
stupio are 21.9%, while in Mahout they are 3.1%. If we also add the users who
estimate that it would take less than a week to implement the example, REcOLIBRY-
sTupio has the highest percentage (43.8%), followed by Mahout (21.9%) and jco-
LIBRI (9.4%). These results reveal that the user perception is that RECOLIBRY-STUDIO
improves the efficiency to design and develop these systems.
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Understanding

RecolLibry Studio 12.5% 37.5% 6.2%

43.8% 9.4%

Mahout| 15.6% 25.0%
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Develop a new RS

RecolLibry Studio 40.6% 9.4%

jColibri 12.5% 40.6% 12.5%

Mahoutls 56.2%
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Fig. 13 Difficulty to understand (top) and to create (bottom) a new recommender system using the
selected frameworks. Corresponding to metrics Q3 and Q4

Understand how RS works

RecolLibry Studio| 15.6% 34.4% 6.2%

50.0%

&
8
R

40.6%

!

0% 20% 40% 60% 80% 100%
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Fig. 14 Difficulty to understand how a recommender system works using the selected frameworks

Another of the hypothesis that we validate with the proposed experiment is that
REcoOLIBRY-STUDIO is easy to understand and to use in comparison with the other two
approaches. First, we evaluated how users perceived the global difficulty to under-
stand each approach. The top chart in Fig. 13 (corresponding to metric Q3) shows
that Mahout seems to be the easiest to understand, since total number of users who
consider it easy or very easy is 56.6%. The second place is for REcoLiBRY-STUDIO,
with 46.9% of users, and, in third place, jcoLiBrl with 25%. This result, where
Mahout beats REcoLiBrY-sTUDIO, may be caused because we are comparing 2 librar-
ies (Mahout and jcoLBrl) with a tool,ReEcoLiBRY-sTUDIO, that encapsulates, and
somehow hides, the behaviour of the library. This result let us conclude that users do
not understand how is the implementation process using RECOLIBRY-STUDIO because
it process is not visible to them.
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Additionally, we asked the users about the difficulty of developing another rec-
ommender system using each one of the frameworks. The results of metric Q4 are
shown in Fig. 13 (bottom chart). In this case, ReEcoLiBry-sTupIO has the highest per-
centage of users who consider it easy or very easy with 37.5%, followed by Mahout
with 21.9% and, thirdly, jcoLiBriwith 12.5%. This result let us confirm that users
perceive that the development of recommender systems with RECOLIBRY-STUDIO is
easier than using the other approaches.

Finally, we asked users how difficult it is to understand the structure and the
components of a recommender system after designing it using each framework.
According to Fig. 14, 15.6% of users consider that understanding a recommender
system using RECOLIBRY-STUDIO is very easy. It is the highest percentage followed by
Mahout (9.4%) and jcoLiBRI(3.1%). REcOLIBRY-STUDIO is also the one with the high-
est percentage if we add the users who consider it easy or very easy to understand
a recommendation system with 50% of users, followed by Mahout with 40.6% and
jeoLBriwith 12.5%. These results validate our last hypothesis, which supposes that
our library helps to understand how a recommender system works.

5.2 Evaluation analysis

The main objective proposed when we designed RecoLibry Suite was to make a
set of intelligent tools to facilitate the building of recommender systems. They are
semiautomatic component composition tools based on semantic rules defined by an
ontology. These tools should ease the building of recommender systems and help
users to understand the underlying process.

There are several alternatives to evaluate our tools and compare them with other
options. The first approach consists of collecting time-based metrics. For example,
the time required to develop a recommender system with each framework. However,
the use of such metrics to compare frameworks could not be the right choice because
sometimes a faster solution could be an inefficient solution in tasks like program-
ming (Frgkjer et al. 2000). Moreover, this approach has another major drawback. It
shall require a set of subjects with technical skills, mainly programming. Therefore,
the variability on the programming skills will have an impact on the development
times unless we select users with the same development experience.

Besides, the evaluation through the complete development of the same recom-
mender system using different tools may introduce another additional bias as users
will not be able to complete all the developments in just one session. If we force
users to perform several implementations, it will require several seasons where users
may finish annoyed or fatigued, paying more attention to the initial implementations.
Furthermore, the comparison of the tools after several sessions is less objective than
a comparison performed after using all the alternatives in a one-day session.

In order to alleviate these bias produced by the evaluation based on the complete
development of a recommender system using several tools, we designed the exper-
imental set-up based on the explanation of the alternative development processes
to the users and the estimation of several quality metrics through a questionnaire.
Indeed, this evaluation also has several threats that we should resolve in a future
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experiment. First of all, the order could influence users’ evaluations. RecoLibry-Stu-
dio was the last framework presented, and users could rate it better because they have
a deeper understanding of the construction of recommender systems after studying
the other frameworks. Secondly, users are not developing a recommender system
actually. It means that their estimations about the design and development process
are less accurate. However, as we described before, the “full-development” alterna-
tive also has significant drawbacks. After considering both evaluation approaches,
we found that our evaluation methodology was preferable as it enabled us to collect
a higher number of subjects with heterogeneous skills, and perform the evaluation in
a one-day session to prioritise the objectivity in the comparison of frameworks.

6 Conclusions and future work

Recommender systems have become a very useful tool to give personalized informa-
tion and items for individual and groups. However, the process of developing these
systems is not trivial. The large number of algorithms and possible configurations
require of expert developers.

In this paper we present RECOLIBRY SUITE, a set of tools to design and develop rec-
ommender systems using reusable components. First, we present an analysis of 22
academic and open source frameworks comparing their characteristics with respect
to the properties of REcoLiBry Surte. Next, we describe a vocabulary to define the
components and how they relate to each other using RecOnto. In addition, we pre-
sent and describe the 3 tools contained in our suite: RECOLIBRY-CORE, RECOLIBRY-
stupio and Reco Server.

Thanks to the component-based design pattern, REcoLIBRY SUITE tools comply
with many of the objectives we defined in the design. According to the complete-
ness, RECOLIBRY-CORE allows users to implement the components using third party
frameworks, so their recommendation algorithms can be included in REcOLIBRY-
cOrE. In addition, our suite is extensible. Users can create new components and
include them in the architecture of our tools taking advantage of other components
already implemented. In addition, the use of components makes our framework flex-
ible to easily configure recommender systems.

Finally, we conducted an experiment with real users to compare the usability of
RecoLiBry-sTupio with other frameworks. The results highlight that RecoLiBry-
stupio facilitates the process of design and implementation of this type of systems.
Additionally, most of users consider it is easier to develop a recommender system
with RecoLiBry-stupio. The use of a graphical interface, in addition to the use of
components that encapsulate services, eases the understanding of how a recommen-
dation system works and what services they need. Finally, REcoLiBrRY-sTUDIO in gen-
eral is easy to understand and the users think that it is not difficult to create new
recommender systems using it. This is because REcoLIBRY-sTUDIO, as a web appli-
cation, partially hides the process of implementation of the recommender systems
and non-developer users do not have to deal with how the internal RECOLIBRY-CORE
library is building the final system. However, we have detected some problems about
this evaluation. The order to explain each framework and the user perception about
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each framework can affect the results. For this reason, we will implement another
evaluation where user have to implement a recommender system with one of the
frameworks presented. Then, we will be able to compare different metrics, for exam-
ple, the time spend using each framework.

REecoLiBry Surte provides a unifying framework that eases the development pro-
cess by reusing software components from other well known libraries. As the future
work we will improve extendibility throught the RecONnTO ontology. In addition,
we will add more features in the data to select the best recommender algorithm.
For example, select algorithms that work better with data problems, like sparsity or
noise. To do that, we will add a visual tool to show the data and the developer can
add tags to describe problems in his/her data. This tags can be added to REcONTO
and use it to filter algorithms.
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