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Abstract

Recommender systems are software applications that aim to suggest meaningful and useful items
to users when interacting with large volumes of data such as online multimedia content, news,
products, among others. These systems generate personalized recommendations of items based on
the explicit or implicit preferences expressed by users, as well as information about their
collaborations and relationships. There are numerous fields of application for these systems such
as e-commerce, social networking, online streaming, among others, playing a key role in virtual
learning environments. Recommender systems assist students in finding appropriate educational
items, enhancing their learning experience and academic results. Two previous research projects
(QHIR LACCIR and UTU) with limited scope, provided experience in different aspects of the
development of recommendation algorithms which process information about socially-connected
users and their collaborations. Based on those positive results obtained, this thesis proposes
mechanisms to generate personalized recommendations to students through the development of a
complete recommender system, using information about their collaborations in virtual learning
environments. The aim is to describe and specify in detail how different approaches, techniques,
and recommendation algorithms are used to produce meaningful recommendations in real life
educational scenarios. More specifically, it focuses on personalized recommendations for medical
doctors and other health specialists enrolled in online Continuing Medical Education (CME)
courses through a virtual learning environment called RedEMC. A general conclusion based on
user feedback given by students, is that collaborative recommendations enhance each students’
learning process and user’s experience, stimulating further collaboration. It is worth to highlight
that explicit feedback given by RedEMC’s users stated that more than 90% of the
recommendations of resources/activities and comments were rated positively.
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Resumen

Los sistemas recomendadores son aplicaciones de software que tienen como objetivo sugerir
elementos significativos y tutiles para los usuarios cuando interactiian con grandes volimenes de
datos, como contenido multimedia en linea, noticias, productos, entre otros. Estos sistemas
generan recomendaciones personalizadas de elementos basandose en las preferencias explicitas o
implicitas expresadas por los usuarios, asi como informacién sobre sus colaboraciones y relaciones.
Existen numerosos campos de aplicacién para estos sistemas, como el comercio electronico, las
redes sociales, la transmisién en linea, entre otros, desempefiando un papel clave en entornos de
aprendizaje virtual. Los sistemas recomendadores ayudan a los estudiantes a encontrar elementos
educativos apropiados, mejorando su experiencia de aprendizaje y resultados académicos. Dos
proyectos de investigacion anteriores (QHIR LACCIR y UTU) con alcance limitado,
proporcionaron experiencia en diferentes aspectos del desarrollo de algoritmos de recomendacion
que procesan informacion sobre usuarios socialmente conectados y sus colaboraciones. Basados en
esos resultados positivos obtenidos, esta tesis propone mecanismos para generar recomendaciones
personalizadas para los estudiantes a través del desarrollo de un sistema recomendador completo,
utilizando informacién sobre sus colaboraciones en entornos de aprendizaje virtual. El objetivo es
describir y especificar en detalle como se pueden utilizar diferentes enfoques, técnicas y algoritmos
de recomendacion para producir recomendaciones significativas en escenarios educativos de la vida
real. Mas especificamente, se enfoca en recomendaciones personalizadas para médicos y otros
especialistas de la salud inscriptos en cursos en linea de educacién médica continua a través de un
entorno de aprendizaje virtual denominado RedEMC. Una conclusiéon general basada en la
retroalimentacion dada por los usuarios es que las recomendaciones colaborativas en entornos
virtuales de aprendizaje mejoran el proceso de aprendizaje de los estudiantes y la experiencia de
usuario de cada estudiante, estimulando una mayor colaboracién. Cabe destacar que la
retroalimentaciéon explicita dada por los usuarios de RedEMC afirmaron que mds del 90% de las
recomendaciones de recursos/actividades y comentarios fueron calificadas positivamente.

Palabras clave: Sistemas recomendadores, algoritmos de recomendacién, entornos de aprendizaje
virtual.
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Chapter 1

Introduction

This chapter presents an introduction to the thesis and the motivation for this work. Then, the
problem statement is described in order to explain the challenges addressed in this research project
regarding the development of a complete recommender system. Finally, the outline of the thesis
is presented.

1.1 Introduction

Recommender systems are software applications that aim to suggest meaningful and useful items
to users when interacting with large volume of data such as online multimedia content, news,
products, among others [1]. These systems generate personalized recommendations of items based
on the explicit or implicit preferences expressed by users, as well as information about their
collaborations and relationships. There are numerous fields of application for these systems such
as e-commerce, social networking, online streaming, among others, playing a key role in virtual
learning environments. Recommender systems assist students in finding appropriate educational
items, enhancing their learning experience and academic results.

1.2 Motivation

Higher educational institutions generally employ virtual learning environments to offer
educational items to students, as well as an environment for communication and collaboration
between students and teachers within courses [2]. Some virtual learning environments such as
Moodle, have the possibility to provide limited recommendations to students by installing specific
plugins [3, 4, 5]. In general, these recommendations are non-personalized and based on popular
preferences. The information contained in virtual learning environments could be used to generate
useful suggestions of items [6]. Specifically, collaborations are valuable and rich sources of
information which could be used to generate personalized recommendations of educational items.
In that sense, collaborative recommendations take advantage of the interactions between people

in a specific environment.

The main motivation of this thesis is to propose mechanisms to process information about
collaborations in order to produce meaningful recommendations, focusing on the relationships
between students in the virtual learning environment. This research work analyzes that these
personalized suggestions of educational items enhance each students’ learning process and user’s

experience.
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1.3 Problem Statement

A local company called Evimed provides Continuing Medical Education (CME) courses to medical
doctors and other health specialists, through its virtual learning environment called Red EMC' [7].
In 2017, Evimed started working in a research project which aims to help students in finding
meaningful and useful educational items and to assist students in discovering new CME courses
of their interest [8]. In order to achieve these aims, Evimed intended to incorporate a recommender
system which offers personalized recommendations through RedEMC.

The challenges and aims of this research work are:

= To understand the objectives of the research project and define functional and non-
functional requirements according to Evimed’s needs.

= To analyze the information stored in RedEMC, such as types of users, types of educational
items, user’s profile data, and relationships between users.

=  To identify different types of user’s collaborations including ratings of educational items,
in order to process them when generating personalized suggestions of items.

= To decide which type of educational items will be selected when generating personalized
recommendations of items.

= To determine which recommendation techniques and approaches are the most suitable,
according to the identified requirements.

= To design and adapt recommendation algorithms that will be used in the recommender
system for RedEMC, writing a technical specification.

»  To describe different test cases that will be executed in order to verify the recommendation
algorithms.

= To assist Evimed at the time of deploying the proposed recommender system in a

production environment.

= To collect user feedback to determine the effectiveness of the recommender system for
RedEMC and to adjust the recommendation algorithms whether necessary.

16



1.4 Outline of the Thesis

The remaining of this thesis is organized as follows:

= Chapter 2 introduces background information, including: an introduction to recommender
systems, distinct fields of application for these systems, possible problems or issues of
recommender systems, challenges for recommender systems, a description of the different
recommendation techniques and approaches, an introduction to virtual learning
environments, and collaborative recommendations in virtual learning environments for
higher education.

= Chapter 3 presents a research project with a Uruguayan company named Fwvimed, about
collaborative recommendations in virtual learning environments for continuing medical
education. This chapter describes how to select, process and utilize information about
collaborations in the context of continuing medical education, in order to produce
meaningful and useful recommendations of educational items to medical doctors and other
health specialists through a virtual learning environment called RedEMC. The
requirements gathering and analysis, design, implementation and testing of the
recommender system and its recommendation algorithms are explained, as well as the
deployment in a production environment.

= Chapter 4 describes the user feedback analysis, including: parameter values and weights
used in production, collecting user feedback for the recommendations of educational items,
analysis of the implicit and explicit feedback, and origin of the recommendations of items.

=  Chapter 5 presents the conclusions of the research project, regarding collaborative

recommendations in virtual learning environments. Finally, several lines of future work
are specified.
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Chapter 2

Background

Recommender systems utilize different recommendation techniques which are methods that assists
them in generating personalized recommendations of items. These recommendations techniques
are based on recommendation approaches which focus on the sources of information that will be
used to produce personalized suggestions of items.

This chapter introduces background information which presents relevant concepts for this thesis,
including: an introduction to recommender systems, different fields of application for these
systems, possible problems or issues of recommender systems, challenges for recommender systems,
a description of the different recommendation techniques and approaches, an introduction to
virtual learning environments, social-based recommendations used in the QHIR LACCIR. research
project, and collaborative recommendations in virtual learning environments for higher education

used in the UTU research project.

2.1 Recommender Systems

In this section, recommender systems are described, explaining the advantages of using them,
their fields of application, possible problems or issues of recommender systems, and challenges
that they should address.

2.1.1 Introduction to Recommender Systems

Recommender systems are software tools and techniques that aim to provide useful items to a
specific user, known as the active user [1]. An item refers to the type of object being recommended,
and it depends on the field of application. The huge amount and variety of information available
for example in the web, make finding meaningful items of interest a difficult task for users.
Recommender systems help users in their decision-making, suggesting meaningful items to them.

Recommendations could be classified in two types [1]:

»  Personalized recommendations: The suggestions are generated for a specific user, which

implies different users may obtain distinct recommendations of items. This is the most
common type of recommendations.
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Non-personalized recommendations: The same suggestions are generated for all users,

which implies different users obtain the same recommendations of items. This type of
recommendations may be useful in particular cases such as the most popular movies, news,
etc.

Recommender systems collect different types of information to produce personalized

recommendations of items [1]:

User’s profile: Information contained in user’s profile such as demographic data is used to
generate suggestions of items.

User’s preferences: Information about user’s preferences such as ratings of items and

website navigation is used to make meaningful recommendations of items.

Regarding transparency of recommender systems, in the beginning they acted like black boxes,

not providing any explanations about the criteria used for generating recommendations of items

[9]. At the present time, some recommender systems provide explanations about how the

suggestions of items are produced.

2.1.2 Fields of Application

There are numerous fields of application for recommender systems, including the following ones

[1]:

E-commerce: These recommender systems suggest products and services to potential
buyers, in the form of “Clients who watched this article X also watched or bought this
article Y”. For instance, Amazon and eBay are websites/applications which provide e-
commerce recommendations.

Social networking: These recommender systems suggest people as potential friends,

followers, or colleagues who the active user may know. For instance, Facebook, Instagram,
and LinkedIn are websites/applications which suggest social recommendations.

Online streaming: These recommender systems suggest multimedia content to the active

user, including recommendations of music, movies and videos. For instance, Spotify,
Netflix and Youtube are websites/applications which suggest multimedia

recommendations.

E-learning: These recommender systems suggest educational items to students, such as
resources and activities. For instance, Moodle is a virtual learning environment which
suggest recommendations of educational items.
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Travel booking websites: These recommender systems suggest flights, accommodation, and

car rental, among others. For instance, Booking is a well-known website/application which

suggest destinations.

2.1.3 Problems of Recommender Systems

Recommender systems present several problems or issues, including the following ones [10, 11]:

Sparsity: Recommender systems have difficulty in generating useful recommendations of
items when there is a small number of ratings of items, since there is not enough
information about user’s preferences to infer items of interest for the active user.

Scalability: Recommender systems process information about users and items to produce
personalized recommendations of items. The number of users and items in the system

increase over time, therefore recommender systems require more processing capacity.

Cold-start problem: This is a well-known issue for recommender systems that occurs when

a new user or a new item is added into the system. In the first case, there is not enough
information to produce meaningful suggestions of items. In the second case, the new item
cannot be recommended until users begin to rate it.

2.1.4 Challenges for Recommender Systems

There are several challenges that recommender systems have to address [10]:

Changing user’s preferences: As explained earlier in section 2.1.1, recommender systems

utilizes user’s preferences to generate suggestions of items. These preferences could change
over time. Therefore, recommender systems should be able to consider this challenge when

generating new recommendations.

Privacy: Recommender systems collect information about users which could include
sensitive data. This information should be carefully processed in order to protect user’s
privacy. It is also important to respect user’s privacy when explaining the reasoning behind

personalized recommendations of items.



2.2 Recommendation Techniques

In this section, different recommendation techniques used in recommender systems are described,

explaining their characteristics, as well as their advantages and disadvantages.

A possible classification of recommender systems is based on the techniques employed, including

[10, 12, 13):

= Content-based filtering systems.

= Collaborative-filtering systems.

»  Demographic filtering systems.

»  (Context-aware recommender systems.

= Social-based recommender systems.

* Hybrid recommender systems.

Fig. 1 depicts a possible classification of recommender systems which are described in the following

sections.

Recommender Systems

Content-based

Filtering Systems

Collaborative
Filtering Systems

Demographic
Filtering Systems

Context-aware

Filtering Systems

Social-based

Recommender Systems

Hyhrid

Recommender Systems

Memory-based

Model-based

Hybrid

User-based

Item-based

Fig. 1 - Classification of Recommender Systems.




2.2.1 Content-based Filtering Systems

Content-based filtering systems use the content of items such as keywords in documents or texts,

to make useful recommendations [12]. The recommendation process includes the following steps

[10]:

Analyzing the content data of the items preferred by the active user in order to determine
user’s preferences, regarding content of items.

Saving the information about user’s preferences in user’s profile.

Comparing the content data of other items with the content data stored in user’s profile.
Determining the items whose content data are similar to the content data stored in user’s

profile in order to generate recommendations to the active user.

The pros and cons of content-based filtering systems are listed below [12, 14]:

Advantages: Since content-based filtering techniques consider item-to-item correlation,
information about the preferences of other users is not needed, which implies it does not
depend on other users’ ratings of items to make suggestions. Another advantage is that
users could discover items which have not been rated yet. This is beneficial to new users
in the system.

Disadvantages: Content-based filtering systems may experience difficulty in creating
content data for the items. Besides that, these systems have to deal with the over-
specialization issue.

2.2.2 Collaborative Filtering Systems

Collaborative filtering systems consider the preferences of other users who are similar to the active

user, regarding ratings of similar items to those rated by the active user [10]. These systems could

be classified in three types:

Memory-based:

o The first step of a collaborative filtering technique is to obtain groups of users who
are similar to the active user. To do this task, ratings of users which give
information about their preferences are considered. Then, based on these groups of
users and their preferences, different recommendation algorithms are employed to
make useful suggestions of items.

[\
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o Different similarity metrics are used to determine similarity between two users,

including:

Cosine similarity: This well-known similarity metric considers the cosine of

the angle between two vectors which contain information about users’

ratings of items [12].

Similarity in the relations of friendship: This similarity metric was used in

the recommender system for the QHIR LACCIR research project, which
considers information about friends in common between two users [15].

Similarity in the evaluations of items: This similarity metric was also
utilized in the QHIR LACCIR research project, which regards to what
degree two users evaluate items in the same manner [15].

Similarity in the activity of rating items: This similarity metric was also
used in the QHIR LACCIR research project, which regards the level of
activity of users, regarding the number rating of items [15].

o Memory-based filtering techniques could be classified into two categories:

Model-based:

User-based: This technique calculates similarity between users regarding

their ratings, to produce recommendations of items.

Item-based: This technique calculates similarity between items (instead of
users), to generate recommendations of items. Items rated by users which
are the most similar to the items highly rated by the active user, are

selected to make suggestions.

o These systems create recommendation models based on ratings of users to make

recommendations of items.

o Several techniques could be employed to obtain the models such as singular value

decomposition, clustering, decision trees, among others.



Hybrid:

o These systems combine two or more collaborative filtering techniques into a hybrid
one, minimizing the disadvantages of each individual recommendation technique,
in order to produce more effective suggestions of items.

The pros and cons of collaborative filtering systems are listed below [10, 12]:

Advantages: Collaborative-filtering techniques produce better recommendations than the
ones generated by content-based filtering techniques, enhancing the performance of the
recommender system. Another advantage is that these systems do not need content data
for making suggestions of items.

Disadvantages: These systems suffer from the cold-start problem when a new user enters
the system, since there is not enough information to infer his/her preferences. Due to the
amount of information to process to determine recommendations, these systems face the
scalability issue. These systems also suffer from the sparsity issue, since users usually rate
a small number of items, considering the whole set of items available in the system.

2.2.3 Demographic Filtering Systems

Demographic filtering systems use demographic information about users and their preferences to

generate recommendations of items [12]. These systems assume that users who belong to specific

demographic groups have similar preferences. Demographic information could include some of the

following attributes: gender, age, nationality, occupation, education level, among others. In a

previous research project for developing a music recommender system, Yapriadi et al. utilized

demographic information about users, such as age, gender and nationality to make meaningful

recommendations [16].

The pros and cons of demographic filtering systems are listed below [12]:

Advantages: These systems do not need information about users’ ratings of items to make
recommendations and do not require content data as in content-based filtering systems.

Disadvantages: It is difficult to gather demographic information of users, regarding user’s
satisfaction, privacy issues, time, among others.



2.2.4 Context-aware Recommender Systems

Context-aware recommender systems use contextual information about the user to produce

meaningful recommendations [12]. Contextual information includes: location, date, season, among

others.

There are three methods to obtain contextual information [13]:

Explicitly: The information is directly collected by retrieving explicit data given by users,

such as user’s answers.

Implicitly: The information is obtained by collecting implicit data, such as information

about the environment and interactions.

Inferring: The information is obtained by making inferences and deductions, using existing
data.

The pros and cons of context-aware recommender systems are listed below [12, 13]:

Advantages: These systems provide accurate suggestions of items.

Disadvantages: It could be difficult to obtain relevant contextual information. For
example, a mobile recommender system which uses information about users’ location to
produce suggestions of food, requires that the GPS location of the active user is turned
on.

2.2.5 Social-based Recommender Systems

Social-based recommender systems utilize social information to produce recommendations of items

[13]. Social information includes data about the relationships between users and social tags, among

others.

The pros and cons of social-based recommender systems are listed below:

Advantages: Social information could be used to improve the quality of suggestions.

Disadvantages: These systems suffer from the cold-start problem when a new user enters
the system, since there is not enough information to produce accurate recommendations,

regarding relationships in the social network.



2.2.6 Hybrid Recommender Systems

Hybrid recommender systems combine two or more recommendations techniques into a hybrid

one, in order to avoid the disadvantages of each recommender technique [17]. In general, content-

based and collaborative filtering techniques are combined to obtain better recommendation

techniques.

There are several hybrid methods to combine the recommendation techniques [17, 14]:

Weighted: A weight is computed for recommended items, combining the results given by
the recommendation techniques.

Switching: This method is based on a function which switches between recommendation
techniques. At a specific moment the system chooses a recommendation technique to

provide suggestions of items.

Mixed: This method merges and presents at the same moment, the recommended items
given by the recommendation algorithms.

Feature combination: This method combines the features of the results given by other

recommendation techniques to produce suggestions of items.

Feature augmentation: The features of the results given by a recommendation technique

is utilized as the input of another technique.

The pros and cons of hybrid recommender systems are listed below [10]:

Advantages: Hybrid techniques succeed in dealing with problems such as the sparsity and
scalability issues.

Disadvantages: The complexity of these recommender systems is considerable. These

recommender systems are expensive to implement.



2.3 Recommendation Approaches

Recommendation approaches focus on the sources of information that will be used to make
personalized suggestions of items. In this section, several recommendation approaches are

described, including crowdsourcing, friendsourcing, and a hybrid approach.

2.3.1 Crowdsourcing

In crowdsourcing systems, a large number of people could make small contributions to solve an
open task such as crowdsourcing systems succeeds in solving the following tasks [18]:

=  Problem solving.
=  Content generation:
=  Knowledge aggregation.

A well-known example of crowdsourcing is Wikipedia, where users collaborate by adding
information in wiki pages [19].

This approach is based on the “self-selection” principle which implies that tasks are published to
general public from diverse backgrounds, allowing interested people to make small contributions
in order to solve them. Crowdsourcing utilizes the “wisdom of crowds” to solve tasks from diverse
groups of people [20].

Crowdsourcing systems present the following advantages [18]:
»  Scalability: As mentioned earlier in section 2.1.3, the scalability issue is a common problem
for recommender systems. Crowdsourcing systems scale well due to the large number of

people who make contributions.

=  Diversity: Since the tasks are published as open problems, contributions are made by

people from diverse environments.

2.3.2 Friendsourcing

In friendsourcing systems, valuable information contained in a reduced group of socially-connected
people is collected to do a particular task [21]. Friendsourcing is a type of crowdsourcing which
focuses on a small group of individuals instead of considering a larger one.



In a previous research project, Bernstein et al. developed a social network application based on
friendsourcing which collects accurate and valuable information about users' preferences by
stimulating social tagging. This application produced good results in encouraging users to tag
their friends.

Friendsourcing systems present the following advantages:

= Personalization: These systems are appropriate for personalization applications.

» Recommendation: Friendsourcing is suitable for recommender systems.

= Scalability: Friendsourcing overcomes the scalability issue since a reduced group of people

is considered to generate personalized recommendations of items.

2.3.3 Hybrid

In hybrid systems, two or more recommendation approaches are combined [17]. This combination
aims to take the advantages of each recommendation approach, minimizing their drawbacks.

In the UTU research project, Gonzélez et al. proposed a hybrid recommender system for university
students [6]. This hybrid recommender system utilizes friendsourcing and crowdsourcing
approaches and different recommendation algorithms which process information about
relationships between students as well as ratings to generate personalized recommendations of
learning objects. By using a hybridization method which selects a particular recommendation
algorithm to be executed at a particular moment, the system generates personalized
recommendations of learning objects.

Preliminary results indicate that the hybrid recommender system produced meaningful and useful
suggestions of learning objects.

2.4 Evaluation of Recommender Systems

Recommender systems aim to generate useful recommendations of items. In order to determine
the performance of these systems, different evaluation metrics have been proposed.

In this section, different evaluation metrics used to measure the performance of recommender

systems and different feedback techniques are described.



2.4.1 Evaluation Metrics

Some of the most used evaluation metrics for recommender systems include [22, 23]:

=  Precision: This is a well-known evaluation metric which indicates the fraction of

recommended items which are relevant. Precision is calculated as shown in (1):

|relevant recommended items|

precision = -
|recommended items|

(1)

= Recall: This is also a well-known evaluation metric which indicates the fraction of relevant

items which are recommended. Recall is calculated as shown in (2):

|relevant recommended items|

recall = -
|relevant items|

(2)

» Mean Absolute Error (MAE): This is a frequently used evaluation metric which indicates

the average of the difference between the predicted rating (7';) and the current user’s rating
of an item (r;). MAE is calculated as shown in (3):

N
iz |7 — il

MAE =
N

(3)

*  Mean Square Error (MSE): This is also a frequently used evaluation metric which indicates

the average of the squared difference between the predicted rating (7;) and the current

user’s rating of an item (7). MSE is calculated as shown in (4):

N
L' —n)?

MSE =
N

(4)
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= Root Mean Square Error (RMSE): This is a common evaluation metric which indicate the

root of the average of the squared difference between the predicted rating (r’;) and the
current user’s rating of an item (r;). RMSE is calculated as shown in (5):

?:1(7”'1' —1)?

RMSE =
N

(5)

2.4.2 Feedback Techniques

User feedback is relevant information that recommender systems should collect in order to provide
meaningful and useful recommendations of items [23]. User feedback could also be used to
determine the accuracy of the suggestions and to adjust the parameters of the recommendation

algorithms [8].

There are three sorts of feedback techniques which allow recommender systems to collect

information about users’ preferences [23]:

=  Tmplicit Feedback:

o This technique collects information about the actions of the user, during the time
he/she interacts with the system.

o Users are not aware of the information implicitly provided to the system.

o Several methods are employed to capture user feedback, such as the observation of
users’ behavior and examination of the actions performed in the system.

o The advantages of this technique are:
= Implicit user feedback could be collected at any time that the user interacts
with the system.

»  The cost of collecting implicit user feedback is low.

» Enhance user’s satisfaction by not requiring extra time.
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o The disadvantages of this technique are:

= If a user does not see a specific item, it cannot be concluded that it is not

of his/her preference. No conclusion can be drawn about items that users
have not seen.

Explicit Feedback:

o This technique collects information about the interests of the user, explicitly
expressed by him/her.

o Explicit feedback could be obtained in the following ways:

» Like/dislike: Users express whether a specific item is of his/her preference,
or not.
= Ratings: Users evaluate items using a numeric rating scale.

=  Comments: Users express their preferences for a specific item by making

textual comments.

o The advantages of this technique are:

= Users can directly express what items are of their preference and what
others not.

= This technique is more accurate than the implicit feedback technique.

o The disadvantages of this technique are:

»  Evaluating items requires time that users have to spend on it.
* Numeric rating scales could be difficult to understand if there are not clear

explanations about the meaning of rating values.

Hvbrid Feedback:

o This technique combines implicit and explicit feedback techniques.

o Numeric ratings as well as user’s behavior are considered to determine users’
preferences and to make personalized suggestions of items.
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o The advantages of this technique are:
= It obtains more complete information about users’ preferences.
= This technique is more accurate than implicit and explicit feedback
techniques separately.

o The disadvantages of this technique are:

= [t is expensive to process both implicit and explicit user feedback.

2.5 Virtual Learning Environments

In the last decade, many educational institutions chose to replace traditional websites and older

discussion forums called “newsgroups” with virtual learning environments.

The courses offered through these platforms can be accessed from any host with Internet
connection [2]. Virtual Learning Environments allow the management of resources, activities,

discussion forums, questionnaires, and tests, among others.

2.5.1 Virtual Learning Environments in Uruguay
In Uruguay, several virtual learning environments are utilized in different educational levels.

The Uruguayan government promoted the usage of virtual learning platforms such as CREA and
PAM for high school students, through a socio-educational project called “Plan Ceibal” [24].

Moodle is a well-known open-source virtual learning environment which can be downloaded and
used for free [3]. Some public and private universities utilize Moodle as its virtual learning
platform, adapting the interface to their needs.

The University of Labor of Uruguay (UTU) uses a virtual learning environment called “Campus
Virtual”, adapting Moodle to fulfill its needs [25]. Fig. 2 shows the home page of a programming
course named “Programaciéon Avanzada BN 2019” in Campus Virtual.



m@ﬂ) CampusVi rtual Cambio Contrasefia Mensajes Preferencias PortalWeb & @8 Daniel Gonzalez -

Programacion Avanzada BN 2019

Home My courses 2019 Tecnélogo Informatico 2019 Primer Semestre Buceo Nocturno 2019 Programacion Avanzada BN 2019

Your progress (3
General

.: Programacién Avanzada 2019 :.

I
¥ Foro de noticias O

Docente, Horarios y Salon

Docente: Ing. Daniel Gonzalez
Horarios: Lunes de 17:30 a 23:00 hs

Salon: Tecnologo 3

Fig. 2 - “Campus Virtual” Virtual Learning Environment.

Different faculties of the University of the Republic such as the Faculty of Engineering, also utilize
an adapted Moodle called “Espacio Virtual de Aprendizaje” (EVA) [26]. Fig. 3 shows the home
page of a database course named “Bases de Datos 2”7 in EVA.

A= & Daniel Gonzalez Bemal

@ Pro E\[-A gENI[iERRESIJB:LIIJCA

URUGUAY
M ProEva 7 Miscursos o Curso actual < EVA Facultad Ingenieria [ Activar edicion P= Ocultar blogues ,* Pantalla completa
Mis cursos Tecndlogos Tecndlogo Informatico Montevideo - Buceo BD2-Mdeo-Buceo

Base de Datos 2

|
¥ Novedades

,ﬂ Programa de la asignatura

Fig. 3 - “EVA” Virtual Learning Environment.
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EVA stores personal information about users as well as demographic data in their user’s profiles,

including:

=  Name and Surnames: These are the name and surnames of the users of the virtual learning

environment. This information cannot be updated by the user.

» Email address: This is an institutional address where the user receives notifications of
enrolled courses, messages from students and teachers, among others. This information
cannot be updated by the user.

»  User’s image: This is a picture of the user in order to be easily identified in the virtual
learning environment.

= Country: This is the country where the user lives in.

= (City: This is the city where the user lives in.

» Address: This is the address of the user.

» Telephones: These are the telephones numbers of the user (telephone and mobile phone).

= Position: This is the job occupied by the user in the educational institution.

= Enrolled courses: This is a list of the courses that the user enrolled in.

= Access dates: This information includes the dates of the first access and the last access to
the platform.
= Interest: This is a set of tags which indicates the interests of the user.

Fig. 4 shows some of the information contained in user’s profile.

Detalles de usuario Miscelanea
Editar perfil Entradas del blog
Direccion de correo Mensajes en foros
daniel.gonzalez@fing.edu.uy Foros de discusion
Pais Planes de aprendizaje
Uruguay
Ciudad Informes
Montevideo Sesiones del navegador
Resumen de Calificaciones
Cargo

No aplica/Sin datos
Actividad de accesos
. . . Primer acceso al sitio
Privacidad y Politicas viernes, 29 de abril de 2011, 10:50 (8 afios 20 dias)

Resumen de retencion de datos
Ultimo acceso al sitio

viernes, 17 de mayo de 2019, 12:28 (52 segundos)
Detalles del curso
Perfiles de curso
ProgAvanzada Programacion Avanzada App para disPOSitivos moviles
BD2-Mdeo-Buceo Base de Datos Il Este sitio tiene activado el acceso desde la app.

BD1-Mvd_Buceo-Nocturno Base de Datos 1 Descargar la app.

Fig. 4 - User’s profile data stored in EVA.
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EVA allows teachers the possibility to:

Add items:

o Resources: Items of type resource, such as files, folders, tags, books, pages, URLs,
among others, could be added into the course.

o Activities: Items of type activity, such as questionnaires, surveys, discussion
forums, among others, could be also added into the course.

See statistical information:

o Sessions: For each session, the virtual learning environment indicates date and
time, IP address, type of device, visited page, and performed action. This
information could be exported in processable files.

o Users’ activity: After selecting the type of activity (views, messages, or both) for a
specific type of user and the duration of the period for a specific course, it is possible
to see graphically and analytically the users’ activity. This information could not
be exported in any format. Fig. 5 depicts statistical information about users’

activity in a programming course.

ProgAvanzada - Toda la actividad (todos los roles)

I nvitado [ Estudiante Profesor [Jij Todos

8000
7000
6000
5000
4000
3000

2000

o Aﬂ\_ﬁ—i
0 A e e e e e e e e e o o o o o e o o o o o o o o ]

Fig. 5 - Statistical information about users’ activity in a programming course.
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2.5.2 Recommendations in Virtual Learning Environments

Some virtual learning environments provide recommendations of educational items.

A Moodle block is an item which could be added in a specific column position of a Moodle page
(to the left, to the right or centered) [27]. Moodle offers recommendations by installing specific
plugins in the form of blocks.

Some blocks which offer recommendations of educational items are:

=  Analytics and Recommendations [4]:

o Students can see their participation in different activities held in the course through
colored charts, indicating low participation with red, medium participation with
vellow, and high participation with green.

o Students also receive recommendations of the activities that they should work

harder in order to improve their academic results.

o Teachers can see comparative and global analytics of the students’ participation.

=  Recommender [5]:

o Users could receive as recommended items the ten most viewed resources or
activities within a course.

o Users could also receive as recommended items the three most popular courses that
students of the same course also enrolled in.

o Teachers have the possibility to recommend URLs.
Despite these recommendations could be useful for some students, they are limited and based on
crowdsourcing information such as the most viewed resources or activities or the most popular
courses.
Another disadvantage is that the suggestions do not consider valuable information contained in a

reduced group of students. These recommendations could be improved if the recommender system
utilize other sort of information to make the suggestions, such as demographic data.
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2.6 Social-based Recommendations - QHIR LACCIR

Research Project

In the Quality Health Information Retrieval (QHIR) LACCIR research project, a recommender
system for users from a university hospital was designed and developed [15]. This recommender
system utilizes a friendsourcing recommendation algorithm which processes information about
socially-connected users.

The recommendation algorithm considers the friendship relationships between users in the social
network to generate personalized recommendations of items. Firstly, a reduced group of friends is
obtained. To do this task, different similarity metrics are proposed, including the similarity in
friendship relationships, the similarity in the evaluations of items, and the similarity in the activity
of rating items. After calculating these similarities between the active user and his/her friends,
the friendsourcing recommendation algorithm selects the items which are the best rated by the
most similar friends of the active user to make personalized suggestions.

The values of precision and recall obtained for the different components of similarity used in the

friendsourcing recommendation algorithm were the following ones:

®»  Similarity in friendship relationships = precision = 0.65, recall = 0.72.
»  Similarity in the evaluations of items = precision = 0.70, recall = 0.72.
» Similarity in the activity of rating items = precision = 0.75, recall = 0.78.

These preliminary results indicate that the proposed similarity metrics should be considered when
selecting similar users. Notice that this recommendation technique could be combined with other
recommendation techniques.

2.7 Collaborative Recommendations for Higher
Education - UTU Research Project

In the University of Labor of Uruguay (UTU) research project, a hybrid recommender system
which provides personalized recommendations of learning objects for university students was
proposed [6]. This recommender system uses different recommendation approaches, such as
friendsourcing and crowdsourcing, as well as distinct recommendation techniques including
collaborative filtering and demographic techniques. The recommender system was proposed for
Uruguayan students enrolled in a programming course. Students use a virtual learning
environment called “Campus Virtual” where they have to do a sequence of mandatory group tasks
in order to approve the course. As a consequence, each student belongs to a specific group of
students. These groups define relationships between students in the virtual learning environment.
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The

recommender system considers the following information to make personalized

recommendations of learning objects:

Relationships between students: The membership of a particular group is the solely

relationship regarded in the recommender system.

Ratings of learning objects: Students have the possibility to rate distinct quality attributes

MW

of items (“intelligible”, “complete”, “agile to understand”), using a numeric scale from 1
(poor) to 5 (excellent). Users were aware of the meaning of the rating values.

Course calendar: Indicates which learning objects are candidate to recommend in a specific

period of time.

The recommender system also defines the following states:

Si: In this state, there are no ratings of learning objects in the system.

S.: In this state, there only exists ratings of items made by students of other groups (not
from the group the active user belongs to).

Ss: In this state, there only exists ratings of items made by students of the same group
which the active user belongs to.

Si: In this state, there are ratings of learning objects made by students of all groups.

In each state, a specific recommendation algorithm is executed:

In the state Si, the recommendation algorithm named RA; considers the most important
learning objects, according to the teacher’s criterion and the course calendar.

In the state S», a crowdsourcing recommendation algorithm named RA, considers the best
ranked learning objects to make personalized suggestions of items.

In the state S;, a friendsourcing recommendation algorithm named RA; considers the
similarity between the members of the group and the active user, based on demographic
information such as age, gender and the distance existing between the university and
his/her home.

In the state Si;, a hybrid recommendation algorithm named RAs combines the
recommended learning objects given by RA, and RA; recommendation algorithms.
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The hybrid recommender system uses a switching method to change between the recommendation
algorithms. A state machine indicates the current state for the active user, regarding the

relationships between students and explicit user feedback, such as ratings of items.
The advantages of this hybrid recommender system are:

= It combines different recommendations approaches (friendsourcing, crowdsourcing, hybrid)
and distinct recommendations techniques (collaborative filtering, demographic) in order

to produce accurate suggestions of learning objects.

» It overcomes the cold-start problem, when there are no ratings of items in the system by

recommending meaningful learning objects according to teacher’s criterion.
The disadvantages of this hybrid recommender system are:

=  The complexity of the recommender system is considerable.
= It is expensive in terms of implementation.

The values of precision and recall of the hybrid recommender system obtained for the different

states were the following ones:
= 5 = precision = 0.75, recall = 0.68.

This result indicates that the teacher criterion used in the RA; recommendation algorithm
is suitable for generating recommendations of learning objects when there are no ratings
of learning objects in the system.

= 5, .5; Sy = precision = 0.85, recall = 0.55.

The second result indicates that the RA,, RA;, and RAs recommendation algorithms are
more accurate than the RA; recommendation algorithm when there are ratings of learning
objects made by students of any group. These algorithms consider the best ranked learning
objects, similarity between the members of the group and the active user, demographic

information, and a combination of these sources of information.
Preliminary results indicate that information about users’ relationships in the virtual learning

environment combined with demographic information, are useful for generating meaningful

recommendations of learning objects.
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Chapter 3

Collaborative Recommendations in VLE for
Continuing Medical Education

This chapter presents a research project with a national company named Fvimed, which consists
in designing and developing a recommender system for a virtual learning environment called
RedEMC, in the context of Continuing Medical Education (CME) [8]. Firstly, a standard
definition of CME is introduced. Then, the different requirements are specified, and its virtual
learning environment is described. Finally, a recommender system for RedEMC is proposed in
order to accomplish the objectives, explaining the distinct phases of the software development

process.

3.1 Continuing Medical Education

According to the Accreditation Council for Continuing Medical Education (ACCME), CME
includes educational activities which help medical doctors and other health specialists in
performing their professions in an effective and efficient manner. CME assists medical doctors in
improving their knowledge and skills in their medical field [28].

3.2 Evimed

Evimed is a Uruguayan company which provides online CME courses to medical doctors and other
health specialists, through its virtual learning environment called Red EMC' [7]. In 2017, Evimed
started working in a research project which pursued two main aims:

1) To help students in finding appropriate educational items: This is an academic objective

which allows students to enhance their learning processes.

2) To assist students enroll in new CME courses of their interest: This is a commercial

objective which allows an increase in the number of enrollments in RedEMC.
In order to achieve these aims, the development of a recommender system for RedEMC is

proposed. Evimed searched for academic collaboration with the Institute of Computer Science of
the Faculty of Engineering, University of the Republic (IN.CO. - Facultad de Ingenieria, UdelaR).
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3.3 RedEMC Virtual Learning Environment

RedEMC is a virtual learning environment which offers one hundred and thirty online CME
courses for thousands of health professionals across twenty-seven countries [7]. The wide range of
CME courses include Anesthesiology, Nursing, Infectology, Intensive Care Medicine, Pediatrics,
among others. There are three hundred and fifty teachers who educate medical doctors and other
health specialists through RedEMC.

RedEMC is a platform which has the classic characteristics of a typical virtual learning
environment combined with Facebook-like features such as the “like” button. An important
feature is that RedEMC has its own academic network of colleagues which allows students to

interact among each other and with teachers.

The virtual learning environment is available in: https://redemc.net/campus/. Fig. 6 shows the
main page of RedEMC.

red E M c BIBLIOTECA SOPORTE = |Z' Login

CURSOS DE EDUCACION MEDICA CONTINUA CON IMPACTO EN LA PRACTICA
CLINICA PARA TODA LATINOAMERICA

CURSOS CON INSCRIPCION ABIERTA

 « | / ] CURSO ONLINE
RESOLUCION DE CASOS CLINICOS OMO ESCRIBIR Y PUBLICAR

ESTERILIZACION

FRECUENTES EN LA CONSULTA = UNARTICULO CIENTIFICO DIAGNOSTICO MICROBIOLOGICO Y DESINFECCION
NER@IoicA 2019 I RESPIRATORIAS DE LA COMUNIDAD DE HOSP
iNUEVOS TEMAS Y CASOS CLINICOS! NS GUIA PASO A PASO E HOSPITALES
6 DE AGOSTO - 16 DE SETIEMBRE DE 2019 10 DE OCTUBRE - 4 DE DICIEMBRE DE 2019 8 DE AGOSTO - 2 DE OCTUBRE DE 2019 2 DE OCTUBRE - 26 DE NOVIEMBRE DE 2019
e ICANATICA ¥ OGHTICA - 0 ORMATICA ¥ OGN TICA —_— A OAMATICA 7 LOGTICA R A DTICA Y LOGSTICA
a redEMC mé“.\,’tﬁ:ﬁw £3cvimed ﬁ redEMC "°‘.';'!‘,‘?.E":,‘L‘“° &g evimed a redEMC 2. imed a redEMC {7 ciimed
Resolucién de casos clinicos Cémo escribir y publicar un Diagnéstico Microbiolégico de Esterilizacién y desinfeccion en
frecuentes en la consulta articulo cientifico en medicina: las infecciones respiratorias de la  hospitales
nefrolégica 2019: {Nuevos temas Guia paso a paso comunidad
g|' . i } P P Leer mas
casos clinicos!
y m Leer mas m Leer mas
m Leer mas>

Fig. 6 - Main page of RedEMC.
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https://redemc.net/campus/

3.3.1 Enrolling in an Online CME Course

When students enroll in an online CME course, they receive a welcome email which provides the
credentials (username and password) to access to the virtual learning environment, as shown in
Fig. 7.

M Gma” Daniel Gonzalez <danielgonzalezbernal@gmail.com>
Bienvenida al curso / Usuario y contrasena

1 mensaje

Cursos EviMed <info@lac.evimed.net= 19 de octubre de 2017, 15:03

Para: danielgonzalezbernal@gmail com

Qﬁwmed a I"_EgOEBMC {i\ %

GESTION EN CONTROL DE INFECCIONES

CURSO DE ACTUALIZACION - 20 de septiembre - 13 de noviembre de 2017

Estimado/a Daniel Gonzalez

Confirmamaos su inscripcion al curso "Gestidn en Control de Infecciones”.

Sus datos de acceso son:

Correo electronico: danielgonzalezbernal@gmail .com

Contrasefna:

SI DESEA REESTABLECER SU CONTRASENA, INGRESE AQUI

El dia de inicio del curso recibira un email de bienvenida con el link de acceso al campus.

?Por este medio le enviaremos informacion adicional para que aproveche al maximo este espacio de
aprendizaje.

??Saludos cordiales,

Equipo de Evimed.

Fig. 7 - Welcome email after enrolling in an online CME course.
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After logging in into the virtual learning environment, RedEMC asks students to update their
personal data such as gender, information about how they discovered the CME course, address,

number of years of work experience, profession, and medical specialization, as shown in Fig. 8.

Actualizacion de Datos Personales

Actualizacion de datos personales
Agradecemos actualizar sus datos personales.

Identidad Sexual = ®@Hombre  C'Mujer O otro
Direccién | Victor Rodriguez Andrade
Error: Debe ingresar su direccion

[Imaiing  []Redes sociales | [1Evimed [ Sociedad nacional
Como se enterd? = [ Sociedad intemacional [ Llamada telefénica (] Centro de frabajo ~ []Un colega
Ocongreso  [Sorteo | [JPrensa Otro

Ejercicio de la profesion: ~ O0a5afios ®6atsaios O16a25afios O Mas de 25 afios

Owmédico O Profesional de enfermeria |~ O Psicologo O Nutricionista
Profesion:
(O Trabajador social O Estudiante de grado @ Otros profesionales de la salud

Error: Debe seleccionar su profesion para continuar.

Especialidad: =~ Otra E‘

Confinuar »=

Fig. 8 - Updating personal data in RedEMC.
As mentioned earlier in section 2.2.3, the information contained in user’s profile is valuable and
could be used to generate meaningful suggestions of items.

Users were notified that the information provided in RedEMC could be used for researching
purposes and that their privacy will be protected as indicated by the Uruguayan Law 18331 [29].

In RedEMC, the information about the number of years of work experience, profession and medical

specialization, could be used to groups of similar users with the same level of expertise in a
particular medical field to be used in the recommendation process.
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3.3.2 Collaborations in RedEMC

Once students enrolled in an online course in RedEMC, they have the possibility to participate

and collaborate in diverse ways:

= Students create and maintain their academic network of colleagues by indicating explicitly

whether they know a specific student enrolled in a CME course.
= RedEMC has a feature which allows students to watch their connections with other users,

after indicating that the provided information about their links in the network will be used

for scientific research, regarding privacy issues, as shown in Fig. 9.

CONEXIONES

VER TUS

CONEXIONES

Fig. 9 - “Watch your connections” feature.

Fig. 10 shows an example of an academic network of a real student in RedEMC, modelled by a
directed graph where the nodes represent the colleagues of the student and the links represent the
relationships between them. For privacy reasons, the images of the students were blurred, and

their names were altered.
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Matilde

Fig. 10 - Academic network of a real student in RedEMC.
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In RedEMC, each course has a sequence of modules which contain several resources (such as texts
and videos) and activities (including group activities, discussion forums, tests, among others). In
order to approve the courses, students have to do a series of mandatory activities during the

course.

Fig. 11 shows an example of a resource of type tezrt in the virtual learning environment.

Iy
h PR/ W g Enfermeria, Infectologia @ 8Modulos © 0 VIDEO TUTORIAL
a -~ §
e 0 18 1002
VER

GESTIGN EN CONTROL DE INFECCIONES
C

URSO DE ACTUALIZACION

20 de septiembre - 13 de noviembre de 2017

Docentes Participantes
MIS ACTIVIDADES
¢§ e . .
b Para participar del foro semanal, por
favor ingrese a la leccion correspendiente. VER
PARTICIPANTES
Las Infecciones Asociadas al Cuidado de la Salud (IACS), antes llamadas infecciones hospitalarias o nosocomiales, representan uno de ACTIVOS

los eventos adversos mas serios, vinculados con la seguridad del paciente, en el marco del proceso de atencién médica. Ocasionan

aumento de la morbimartalidad, de la estadia hospitalaria y de los costos tanto para el sistema de salud como para el paciente y su
familia.

danielgonzalezbernal@gmail.com
26/01/20191917:27 =

La incidencia de IACS en los Estados Unidos para el afio 2002 fue de 4,5%, correspondiendo a 9,3 eventos cada 1000 dias-paciente, lo
que representa 1,7 millones de episodios por afio y alrededor de 99.000 muertes atribuibles. Se estima que en la Argentina se

Fig. 11 - Example of a resource in RedEMC.
Students also have the possibility to rate the distinct resources and activities of a module, giving
from one to five stars to them, as shown in Fig. 12.
As mentioned earlier in section 2.4.2, explicit feedback information could be gathered through

ratings of items. This type of information should be considered when generating personalized
recommendations of educational items.
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Hemos comenzado la semana final del curso, que es un madulo de cierre. Los materiales tedricos de todo el curso
permaneceran accesibles para su consulta durante seis meses.

Para concretar la aprobacion del curso, debe completar las actividades finales: Compromiso de cambio y Encuesta de
satisfaccion.

Para obtener el certificado debe aprobar 5/8 médulos del curso y para obtener una constancia de participacion 1/8
méddulos.

Quienes completen estos requisitos dentro del plazo estipulado, obtendran un certificado de aprobacién indicando la
carga horaria, emitido por la organizacion del curso.

Quienes completen algunos requisitos pero no todos, obtendran una constancia de participacion emitida por la
organizacion del curso.

Las actividades obligatorias estaran disponibles para todos los participantes hasta el 13 de noviembre de 2017.

Por tltimo, queremos solicitarles que revisen (y modifiquen en caso de ser necesario) el nombre que figura en su

perfil de Udgigrio de este curso, ya que el mismo sera utilizado para la confeccion de los certificados.

Valorar introduccién

LI esy O

Programas de control de infecciones

Prevencion de las infecciones asociadas a
dispositivos

Medidas de proteccion y medio ambiente

Control de infecciones en areas
especiales

Organismos multiresistentes
Analisis de costos y el futuro

¢ Actividades finales

VER MIS ACTIVIDADES

Fig. 12 - “Five-stars” rating feature in RedEMC.

Students can use the “like” button to express that a comment included in a discussion forum is

useful to them, as shown in Fig. 13.

FORO DE INTERCAMBIO DEL MODULO "PROGRAMAS DE CONTROL DE INFECCIONES"

N——

Fig. 13 - “Like-button” rating feature in RedEMC.
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3.3.3 User relationships in RedEMC

RedEMC internally distinguishes three levels of user relationships which define three

friendsourcing sets of users:

= Ni(u): If user v belongs to Ni(u), then user u knows user v and vice versa.

»  No(u): If user v belongs to No(w), then user u knows user v.

= Nj(u): If user v belongs to Ns(u), then user u and v are acquaintances, which means neither
user u and user v explicitly stated that they know each other but they have other sort of
connection such as they enrolled together in the same course, made a group activity

together, or they are Google contacts.

Therefore, Ni, No, and N, defines a high, a medium and a low level of relationship between users

respectively.

3.3.4 Data Model

RedEMC uses a MySQL relational database to store information which has the following tables:

" wp_users:
o Contain information about users of the virtual learning environment, such as
identifier, email, name and avatar.

o This table contains more than 17000 rows.

" aMigos_ curso:
o Contain information about friends of a user in a specific course, according to the
different friendsourcing relationships mentioned in the section 3.3.3.
o This table contains more than 91000 rows.

= formulario_inscripcion:

o Contain information about users when they registered in RedEMC, such as email,
name, telephone, gender, address, country, profession, medical specialization,
number of years of work experience, how they discovered the CME course, and
date of update.

o This table contains more than 9000 rows.

= docentes _por_curso:

o Contain information about teachers of distinct courses.
o This table contains more than 300 rows.
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estadisticas__usuarios:

o Contain information about the activities of each user, such as identifier of the user,
identifier of the course, identifier of the resource/activity, name and type of the
resource/activity, and date.

o This table contains more than 850000 rows.

wp__comments:

o Contain information about the comments published in the discussion forums, such
as identifier of the comment, identifier of the user who published the comment,
content of the comment, publication date, and the identifier of the parent
comment.

o This table contains more than 26000 rows.

posts__uviews:

o Contain information about the views of the resources and activities, such as
identifier of the user who viewed the resource/activity, identifier of the resource/
activity, and date.

o This table contains more than 400000 rows.

comments views:
o Contain information about the views of the comments, such as identifier of the
user who viewed the comment, identifier of the comment, and date.
o This table contains more than 1000000 rows.

mg__comments:
o Contain information about the “likes” given to comments, such as identifier of the
user who liked the comment, identifier of the comment, and date.
o This table contains more than 10000 rows.

notificaciones:

o Contain information about the messages given between users, such as identifier of
the message, identifier of the sender user, identifier of the receiver user, date, type
of message, message.

o This table contains more than 10000 rows.

wp__usermeta:
o Contain other information used by the virtual learning environment.
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Fig. 14 shows a data model which contains the tables used by RedEMC.

comments views
{impresiones)
1,000,000+ reqgistros

id_usuario  INT
id_comment INT

wp_comments
26,000+ registros

comment_id INT
comment_post_id INT
user_id INT
comment_content STRING
comment_date DATE
comment_parent INT

id_cursa INT
id_usuario INT

L EALE t estadisticas _usuarios
n wr(r;on;en .me = (actividades de cada usuario)
10,000+ registros .
+ regi 850,000+ registros
id_usuario INT . .
id comment INT 5—23:‘:‘;'9 :ﬁ;
fecha DATE ; d_J:K‘.ISt INT
tipo_post INT
nombre_material {toggle) STRING
fecha DATE
postsViews formulario_inscripcion
400,000+ registros e 9000+ registros
17.000+ registros
id_post INT —  \; email STRING
id_usuario  INT id INT nombre  STRING
fecha DATE email  STRING teléfono  STRING
nombre STRING anBI'O STRING
avatar STRING (URL) pais STRING (ISO)
profesion  STRING (NORMALI
especialidad STRING (NORMAL
tiempo_ejercicio STRING
amigos curso direccion STRING
91.000+ registros como_nos_conocio STRING
wp usermeta fecha_actualizacion DATE
id_usuario INT
id_amigo INT id INT
id_curso INT cursos_matriculado
origen (*) INT STRING SERIALIZADO
calidad(**} INT
notificaciones
10,000+ registros
ﬂmmis_m_!r_'zulm id_usuario_receptor INT
300+ registros id_usuario_origen  INT

fecha DATE
tipo INT
mensajel STRING
mensaje2 STRING
fecha visto DATE
fecha_push DATE
id_asociado INT

Fig. 14 - Data model of RedEMC.
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3.4 Recommender System for RedEMC

A recommender system for RedEMC is proposed to satisfy the two main aims of the research

project mentioned above.
The software development process for the recommender system includes the following phases:

= Requirements gathering and analysis: This phase consists in gathering the functional and

non-functional requirements for the recommender system and analyzing them in order to
determine the interfaces and the data structures that will be used.

= Design: This phase consists in designing the recommender system, including the
presentation layer and the recommendation algorithms. Evimed’s team is responsible for

the design of the presentation layer.

= Implementation: This phase consists in constructing the recommender system and

programming the recommendation algorithms previously designed. Evimed’s team is

responsible for these tasks.

= Testing: This phase consists in defining the test plan and executing its test cases.

=  Deployment: This phase consists in deploying the recommender system in a production
environment. Evimed’s team is responsible for this task.

3.4.1 Requirements Gathering and Analysis

In order to gather the functional and non-functional requirements for the recommender system,
several meetings with Evimed were held at the Faculty of Engineering, University of the Republic.

The identified functional requirements are listed below:

—_

The recommender system should offer personalized recommendations of items to users.

[\]

The types of recommended items are: resources and activities, comments, and courses.

w
e e N S

The number of recommended items should be parameterized.

e

The personalized recommendations of items should be traceable.
The only relevant identified non-functional requirement is listed below:

5) The recommendation algorithms should be implemented in stored procedures and

functions.
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These requirements are aligned with the academic and commercial objectives previously defined:

=  To satisfy the first and second requirements, three recommendation algorithms which offer
personalized recommendations of items are proposed. Each recommendation algorithm

recommends a specific type of item: resource/activity, comment, or course.

= To satisfy the third requirement, different parameters are used to indicate the number of

recommended items.

= To satisfy the fourth requirement, the friendsourcing sets Ni, Na, Ns could be utilized to
trace the origin of the recommendations, explaining the criteria used to generate the

recommendations.
= To satisfy the fifth requirement, the recommendation algorithms will be presented in

pseudocode, in order to make it easier for Evimed’s to implement them in store procedures
and functions.

3.4.1.1 Algorithm Parameters

The algorithm parameters that are used by the recommendation algorithms are shown in Table
1.

Parameter Description Domain
A Indicates an acceptance threshold for a resource or 0.0<A <50
activity
c Indicates the minimum number of accepted ratings for a 0<o

resource or activity

¢ Indicates the minimum number of likes for a comment 0<¢o
0 Indicates the minimum number of views for a comment <0
n Indicates the maximum number of recommended items O<n

using a friendsourcing approach
m Indicates the maximum number of recommended items 0<m
using a crowdsourcing approach

u Indicates the identifier of the active user -

c Indicates the identifier of the course -

s Indicates the subtype of item to be recommended [resource, activity]
nmod Indicates the number of modules backwards whose items 0 < nmod

could be recommended



k Indicates the number of days backwards whose comments 0<k
could be recommended

Table 1 - Algorithm parameters.
In the light of the positive results from the previous UTU research project, a hybrid recommender
system which provides personalized recommendations of learning objects for university students

was developed [6]. This recommender system used an acceptance threshold as a parameter to
determine whether a learning object could be recommended to the active user.

3.4.1.2 Candidate Items

A candidate item is an item that could be recommended to the active user. The candidate items
are specified in Table 2.

Candidate Conditions
Item
Candidate Its average rating is greater or equal to A, its number of accepted ratings is

resource/activity = greater or equal to o, and the active user u has not viewed the resource or

activity
Candidate Its number of likes is greater or equal to ¢ and its number of views is
comment greater or equal to 0
Candidate The active user 4 has not enrolled in the course

course

Table 2 - Candidate items for the recommender system.

3.4.2 Design of the Recommender System
This section describes the proposed recommendation algorithms for RedEMC:
* A recommendation algorithm which offers recommendations of resources or activities.

* A recommendation algorithm which offers recommendations of comments.

* A recommendation algorithm which offers recommendations of courses.
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3.4.2.1 Recommendation Algorithm of Resources and Activities

The recommendation algorithm of resources and activities is a hybrid recommendation algorithm
which uses:

= user-based and item-based collaborative filtering techniques,
» friendsourcing and crowdsourcing approaches.

This algorithm has a main function called getRecommendationsR A and several auxiliary functions,
including getFriendsourcingRA and getCrowdsourcingRA.

3.4.2.1.1 Specification of getRecommendationsRA

The main function getRecommendationsRA takes as input parameters: the identifier of the active
user u, the identifier of the course ¢, the subtype s of the item to be recommended (resource or
activity), the number of modules backwards nmod whose items will be recommended, the
acceptance threshold A, the minimum number of accepted ratings o, the maximum number n of
items to be recommended by using a friendsourcing approach, and the maximum number m of
items to be recommended by using a crowdsourcing approach. The output parameter of the main

function is an ordered set which contains the recommended items for the active user wu.

Firstly, the friendsourcing sets of users N;, N; and N; are obtained to apply a friendsourcing
approach. Then, the current module e¢mod of the course c¢ is calculated considering the current
system date. Next, four ordered lists Li, Ly, L3 y Ls are defined. These lists contain pairs which
associate a candidate item for the active user u with a relevance value. L; is obtained after calling
the auxiliary function getFriendsourcingRA(u, ¢, s, cmod, nmod, A, o, Ni). Similarly, L, and L
are obtained after calling that auxiliary function, using the friendsourcing sets of users N, and N

respectively.

Notice that in some cases there might not be enough information about ratings of items in the
virtual learning environment to generate recommendations through friendsourcing. To deal with
the cold-start problem, the usage of recommendations of items obtained through crowdsourcing is
proposed. Therefore, Ly is obtained after calling the auxiliary function getCrowdsourcingRA(e, s,
cmod, nmod, A, ©).

R is defined as an ordered set which contains recommended items for the active user w. The
candidate items obtained through friendsourcing are added to R in descending order by the
relevance value without repeating, taking one recommended item at a time from each of the lists
Ly, Ly and L;.
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This process continues until reaching n recommended items or until L, L, and L; are empty.
Then, a candidate item of L, is taken and added to R in descending order by the relevance value
without repeating. This process continues until reaching m recommended items or until L, is
empty. Finally, the ordered set R which contains recommended items for the active user w is
returned.

3.4.2.1.2 Specification of getFriendsourcingRA

This auxiliary function getFriendsourcingRA takes as input parameters: the identifier of the active
user u, the identifier of the course ¢, the subtype s of item to be recommended, the number of
modules backwards nmod, the acceptance threshold A, the minimum number of accepted ratings
o, and the friendsourcing set of users N, The output parameter of the auxiliary function is an
ordered list that contains pairs which associate a candidate item for the active user u with a
relevance value, obtained through a friendsourcing approach.

Initially, the ordered list L of pairs is defined. Then, the candidate items for each user v of the set
N; are taken. These candidate items are items of subtype s which were evaluated by the user v
and belong to the current module or to nmod previous modules of the course c. For each candidate
item, its relevance value is calculated and added to the ordered list L.

To calculate the relevance value of an item, similarity metrics are considered. Several standard
similarity metrics presents limitations, such as the cosine similarity which not consider the

difference in rating scale between distinct users [30].

Considering the positive results of the similarity in the evaluations of items in the QHIR LACCIR
research project, they were proposed to be used in the RedEMC recommender system [15]. This
similarity metric indicates how similar are two users u and v in evaluating items positively or
negatively and is calculated as shown in (6), where niric(u, v) is the number of items rated in
common by both users, eval(u, 7) is the evaluation value given by the user u to the item 4, and

eval(v, 1) is the evaluation value given by the user v to the item 4.

simBEval(u, v) :Z?zirlic(u'v) (1 - |eval(u, i) - eval(v, 7)|)/niric(u, v) (6)

Regardless of the rating scale used, the evaluation values are normalized float values between 0.0
and 1.0. Sparsity issues can occur when there are only a few ratings in the virtual learning
environment. A way to mitigate these problems is to employ Bayesian models [31].
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The relevance value of an item ¢ is calculated as shown in (7), where mazMod(c) is the maximum
number of modules of the course ¢ at the current date, mod(i, c) is the module of the course ¢
which contains the item 4, eval(v, 7) is the evaluation value given by the user v to the item 7, and
simEval(u, v) is the value of similarity in the evaluations of items between users v and v.

rv(u, v, 4, ¢) = (1/(mazMod(c) - mod(i, ¢) + 1)) * eval(v, 7) * simEval(u, v) (7

Notice that more than one user of the set N, can evaluate the same candidate item. Therefore,
there may be repeated items in the ordered list L. In order to process the repeated items in L, a
repetition coefficient is calculated for each item 7 of the list L and its relevance value is adjusted.

The repetition coefficient is calculated as shown in (8), where occurs(i, L) is the number of
occurrences of the item 7 in the list L, and mazOccurs(L) is the maximum number of repeated
occurrences in the list L.

re(i, LY = (occurs(i, L)/mazOccurs(L)) (8)

The relevance value for each item 17 is adjusted, multiplying the current relevance value by the
repetition coefficient. Then, the repeated items of the list L are eliminated as going through the
list in descending order by the adjusted relevance value, just keeping the occurrences associated
with the maximum adjusted relevance values. Lastly, the list L which contains the recommended
resources and activities for the active user u according to the friendsourcing set of users N is
returned.

3.4.2.1.3 Specification of getCrowdsourcingRA

This auxiliary function getCrowdsourcingRA takes as input parameters: the identifier of the course
¢, the subtype s of item to be recommended, the number of modules backwards nmod, the
acceptance threshold A, and the minimum number of accepted ratings . The output parameter
of the auxiliary function is an ordered list that contains pairs which associate a candidate item
for the active user u with a relevance value, obtained through a crowdsourcing approach.

Considering the parameter values A and o, the auxiliary function takes the candidate items of
subtype s which belong to the current module or to nmod previous modules of the course ¢ and
adds them to the ordered list by their relevance value. In this scenario, the relevance value of a

candidate item is defined as the average rating value in the virtual learning environment.
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3.4.2.1.4 Pseudocode of the Recommendation Algorithm of Resources and
Activities

The pseudocode of the recommendation algorithm of resources and activities is presented below:

ORDEREDSET<ITEM> GETRECOMMENDATIONSRA(USER U, COURSE C, SUBTYPE S, INT
NMOD, FLOAT A, INT G, INT N, INT M) {
SET<USER> N; = GETN,(U);
SET<USER> Ny = GETN»(U);
SET<USER> N3 = GETN3(U);
MODULE ¢MOD = GETCURRENTMODULE(C, GETCURRENTDATE());
ORDEREDLIST<ITEM, FLOAT> L, Lo, Ls, Ly;
ORDEREDSET<ITEM> R;
L1 = GETFRIENDSOURCINGRA (U, ¢, S, CMOD, NMOD, A, o, Ni);
L, = GETFRIENDSOURCINGRA (U, ¢, S, CMOD, NMOD, A, o, N,);
Ls = GETFRIENDSOURCINGRA (U, ¢, S, CMOD, NMOD, A, &, Nj);
L = GETCROWDSOURCINGRA (¢, S, CMOD, NMOD, A, G);
ADDFRIENDSOURCINGRA (L, L,, Ls, N, R);
ADDCROWDSOURCINGRA (L4, M, R);
RETURN R;

ORDEREDLIST<ITEM, FLOAT> GETFRIENDSOURCINGRA(USER U, COURSE C, SUBTYPE S,
MODULE CMOD, INT NMOD, FLOAT A, INT 6, SET<USER> N) {
ORDEREDLIST<ITEM, FLOAT> L;
FOR EACH V IN N {
SET<ITEM> CI = GETCANDIDATERA (V, C, S, CMOD, NMOD, A, G);
FOR EACH 1 IN CI {
FLOAT RV = CALCULATERELEVANCEVALUERA(U, v, 1, C);
ADDLIST((1, RV), L);

}

FOR EACH 1IN L {
FLOAT RC = CALCULATEREPETITIONCOEFFICIENT(I, L);
ADJUSTLIST(1, RC, L);

REMOVEREPEATEDITEMS(L);

RETURN L;
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3.4.2.2 Recommendation Algorithm of Comments
The recommendation algorithm of comments is a hybrid algorithm which uses:

= item-based collaborative filtering techniques,
» friendsourcing and crowdsourcing approaches.

This algorithm has a main function called getRecommendationsCM and several auxiliary
functions, including getFriendsourcingCM and getCrowdsourcingCM.

3.4.2.2.1 Specification of getRecommendationsCM

The main function getRecommendationsCM takes as input parameters: the identifier of the active
user u, the identifier of the course ¢, the number of days k, the minimum value of likes ¢, the
minimum value of views 0, the maximum number n of comments to be recommended using a
friendsourcing approach, and the maximum number m of comments to be recommended using a
crowdsourcing approach. The output parameter of the main function is an ordered set which

contains the recommended comments for the active user wu.

Firstly, the friendsourcing sets of users Ni, N; and N; are obtained in the same manner as in the
previous recommendation algorithm. Then, four ordered lists L, Ly, L3 y Ls are defined. These
lists contain pairs which associate a candidate comment for the active user u with a relevance
value. L; is obtained after calling the auxiliary function getFriendsourcingCM(c, k, @, 0, Ni).
Similarly, L, and Ls are obtained after calling that auxiliary function using the friendsourcing sets
of users N, and N; respectively. Ls is obtained after calling the auxiliary function
getCrowdsourcingCM(c, k, @, 0).

R is defined as an ordered set which contains the recommended comments for the active user wu.
The candidate comments obtained through friendsourcing are added to R in descending order by
the relevance value without repeating, taking one recommended comment at a time from each of
the lists L1, Ly and Ls;. Then, a candidate comment of L, is randomly taken and added to R in
descending order by the relevance value without repeating. This process continues until reaching
n recommended comments through L, L, or L; or until reaching m recommended comments
through Ls or until Li, L, Ly and L are empty. Finally, the ordered set R which contains the

recommended comments for the active user u is returned.
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3.4.2.2.2 Specification of getFriendsourcingCM

This auxiliary function getFriendsourcingCM takes as input parameters: the identifier of the
course ¢, the number of days k, the minimum value of likes ¢, the minimum value of views 0, and
the friendsourcing set of users N,. The output parameter of the auxiliary function is an ordered
list that contains pairs which associate a candidate comment for the active user u with a relevance
value, obtained through a friendsourcing approach.

Initially, the ordered list L of pairs is defined. Then, the candidate comments for each user v of
the set N; are taken. These candidate comments are comments of the course ¢ which were
published in a discussion forum by the user v in the last k days. The parameter k& could be set to
the average duration (in number of days) of a module. Notice that Natural Language Processing
techniques could be used to remove comments which are semantically duplicated [32].

For each candidate comment, its relevance value is calculated and added to the ordered list L. To
calculate the relevance value of a comment, the number of likes and the number of views of the
comment are considered. It is desirable to recommend comments which were recently published.
Therefore, the publication time of the comment is also considered in the calculation of the
relevance value. The relevance value of a comment c¢m is calculated as shown in (9), where
likes(cm) is the number of likes of the comment cm, views(cm) is the number of views of the

comment cm, and publicationTime(cm) is the publication time of the comment cm.

rv(em) = (likes(cm) /views(cm)) * (1/publicationTime(cm)) (9)

Lastly, the list L which contains the recommended comments for the active user u according to

the friendsourcing set of users N, is returned.
3.4.2.2.3 Specification of getCrowdsourcingCM

This auxiliary function getCrowdsourcingCM takes as input parameters: the identifier of the
course ¢, the number of days k, the minimum value of likes ¢, and the minimum value of views
0. The output parameter of the auxiliary function is an ordered list that contains pairs which
associate a candidate comment for the active user u with a relevance value, obtained through a

crowdsourcing approach.

Considering the parameter values ¢ and 0, the auxiliary function takes the candidate comments
of the course ¢ which were published in a discussion forum in the last k£ days and adds them to
the ordered list by their relevance value. In this scenario, the relevance value of a candidate
comment is defined as the number of likes of the comment in the virtual learning environment.
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3.4.2.2.4 Pseudocode of the Recommendation Algorithm of Comments
The pseudocode of the recommendation algorithm of comments is presented below:

ORDEREDSET<COMMENT> GETRECOMMENDATIONSCM (USER U, COURSE C, INT K, INT O,
INT 6, INT N, INT M) {
SET<USER> N; = GETN,(U);
SET<USER> Ny = GETN»(U);
SET<USER> N3 = GETN3(U);
ORDEREDLIST<COMMENT, FLOAT> L, Lo, L3, Ly;
ORDEREDSET<COMMENT> R;
L; = GETFRIENDSOURCINGCM(C, K, ¢, 0, Ni);
L, = GETFRIENDSOURCINGCM(C, K, ¢, 0, N2);
L3 = GETFRIENDSOURCINGCM(C, K, ¢, 0, N3);
L = GETCROWDSOURCINGCM(c, K, @, 0);
ADDFRIENDCROWDSOURCINGCM (L, Lo, Ls, Ly, N, M, R);
RETURN R;

ORDEREDLIST<COMMENT, FLOAT> GETFRIENDSOURCINGCM (COURSE C, INT K, INT @, INT
0, SET<USER> N) {
ORDEREDLIST<COMMENT, FLOAT> L;
FOR EACH V IN N {
SET<COMMENT> CCM = GETCANDIDATECM(V, C, K, ¢, 0);
FOR EACH CM IN CCM {
FLOAT RV = CALCULATERELEVANCEVALUECM (CM);
ADDLIST((CM, RV), L);

}

RETURN L;

3.4.2.3 Recommendation Algorithm of Courses

The recommendation algorithm of courses is a hybrid algorithm which uses:

= user-based collaborative filtering and demographic techniques,
= friendsourcing and crowdsourcing approaches.

This algorithm has a main function called getRecommendationsCS and several auxiliary functions,
including getFriendsourcingCS and getCrowdsourcingCS.
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3.4.2.3.1 Specification of getRecommendationsCS

The main function getRecommendationsCS takes as input parameters: the identifier of the active
user u, the maximum number n of courses to be recommended using a friendsourcing approach,
and the maximum number m of courses to be recommended using a crowdsourcing approach. The
output parameter of the main function is an ordered set which contains the recommended courses
for the active user w.

Firstly, the friendsourcing sets of users Ni, N, and N; are obtained in the same way as in the
previous recommendation algorithms. Then, four ordered lists Li, Ly, L3 y Ls are defined. These
lists contain pairs which associate a candidate course for the active user u with a relevance value.
L, is obtained after calling the auxiliary function getFriendsourcingCS(u, Ny). Similarly, L, and
L; are obtained after calling that auxiliary function using the friendsourcing sets of users N, and
Nj; respectively. Ly is obtained after calling the auxiliary function getCrowdsourcingCS(u).

R is defined as an ordered set which contains the recommended courses for the active user u. The
candidate courses obtained through friendsourcing are added to R in descending order by the
relevance value without repeating, taking one recommended course at a time from each of the
lists Ly, L, and Lz. This process continues until reaching n recommended courses or until Li, L,
and Lz are empty. Then, a candidate course of L4 is taken and added to R in descending order by
the relevance value without repeating. This process continues until reaching m recommended
courses or until L, is empty. Finally, the ordered set R which contains the recommended courses
for the active user u is returned.

3.4.2.3.2 Specification of getFriendsourcingCS

This auxiliary function getFriendsourcingCS takes as input parameters: the identifier of the active
user 4 and the friendsourcing set of users N;. The output parameter of the auxiliary function is an
ordered list that contains pairs which associate a candidate course for the active user u with a
relevance value, obtained through a friendsourcing approach.

Initially, the ordered list L of pairs is defined. Then, the candidate courses for each user v of the
set N, are taken. These candidate courses are courses which the user v enrolled in. For each
candidate course, its relevance value is calculated and added to the ordered list L.

The similarity metric used in a previous research project for a recommender system [16],
considered some demographic attributes such as age, gender and nationality of users. In this
project, an adaptation to this demographic similarity is utilized in order to calculate the relevance
value of a specific course.
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In order to obtain the demographic attributes that will be used in this research project, the
information available in RedEMC is analyzed. The sources of information are the data model and
a testing database provided by Evimed.

The gender could be considered when generating recommendations of courses. The similarity in
gender between users u and v is calculated as shown in (10), where gender(u) and gender(v) are
the genders of users v and v respectively.

1: gender(u) = gender(v)

0: gender(u) # gender(v) (10)

simG(u, v) = {

The country and city could also be considered in the recommendation process, since it might be
of interest for the active user to enroll in courses that other users from the same country and/or
city registered in. The similarity in nationality between users u and v is calculated as shown in
(11), where country(u) and country(v) are the countries of users u and v respectively, and city(u)
and city(v) are the cities of users u and v respectively.

1: country(u) = country(v) A city(u) = city(v)
simN(u, v) ={%: country(u) = country(v) A city(u) # city(v) (11)
0: in other case

The work experience is of interest to be considered in the recommendation process. Therefore, this
attribute could be discretized in two ranges: users with fifteen or less years of work experience
and users with more than fifteen years of work experience. The similarity in experience is
calculated as shown in (12), where ezp(u) and exp(v) are the years of work experience of users u
and v respectively.

1: 0 <exp(u),exp(v) <15v 15 < exp(u),exp(v)

Bl -
simE(u, v) {0; in other case

(12)

The academic profile is also of great interest to be considered in the recommendation process,
since it could be attractive for the active user to enroll in courses that other users with the same
profession and/or specialization registered in.
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The similarity in academic profile is calculated as shown in (13), where prof{u) and prof(v) are
the professions of users u and v respectively, and mspec(u) and mspec(v) are the medical
specializations of users u and v respectively.

1: prof(u) = prof (v) A mspec(u) = mspec(v)
simA(u, v) = {V: prof(u) = prof (v) v mspec(u) = mspec(v) (13)
0: in other case

The selected demographic attributes to be used in the calculation of the demographic similarity
are: gender, country, city, work experience, profession and medical specialization.

The demographic similarity is calculated as shown in (14), where simG(u, v) is the similarity in
gender between users u and v, simN(u, v) is the similarity in nationality between users u and wv,
simE(u, v) is the similarity in experience between users u and v, simA(u, v) is the similarity in
academic profile between users u and v, and a, B, y, 0 are the weights for each of these similarity

metrics.

To determine the best parameter values of the weights, several machine learning approaches could
be utilized. Notice that o + B+ +0=1and a < B < x < d.

simD(u, v) = (o * simG(u, v) + B * simN(u, v) + x * simF(u, v) + 8 * simA(u, v)) /4 (14)

The relevance value of a course cs is calculated as shown in (15), where simD(u, v) is the
demographic similarity between users u and v.

rv(es) = simD(u, v) (15)

Notice that more than one user of the set N; can enroll the same candidate course. Therefore,
there may be repeated courses in the ordered list L. In order to process the repeated courses in L,
a repetition coefficient is calculated for each course cs of the list L and its relevance value is
adjusted.
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The repetition coefficient is calculated as shown in (16), where occurs(cs, L) is the number of
occurrences of the course ¢s in the list L, and maxOccurs(L) is the maximum number of repeated

occurrences in the list L.

re(es, L) = (occurs(es, L) /mazOccurs(L)) (16)

The relevance value for each course c¢s is adjusted, multiplying the current relevance value by the

repetition coefficient.

Then, the repeated courses of the list L are eliminated as going through the list in descending
order by the adjusted relevance value, just keeping the occurrences associated with the maximum

adjusted relevance values.

Lastly, the list L which contains the recommended courses for the active user u according to the

friendsourcing set of users N is returned.

3.4.2.3.3 Specification of getCrowdsourcingCS

This auxiliary function getCrowdsourcingCS takes the active user u as the solely input parameter.
The output parameter of the auxiliary function is an ordered list that contains pairs which
associate a candidate course for the active user u with a relevance value, obtained through a
crowdsourcing approach.

Considering the statistics of the network, the auxiliary function takes the most popular candidate
courses which users from the same country and with the same profession and/or medical
specialization as those of the active user u enrolled in and adds them to the ordered list by their

relevance value.

In this context, the relevance value of a candidate course is defined as the percentage of students
enrolled in that course regarding the population of the country.
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3.4.2.3.4 Pseudocode of the Recommendation Algorithm of Courses
The pseudocode of the recommendation algorithm of courses is presented below:

ORDEREDSET<COURSE> GETRECOMMENDATIONSCS(USER U, INT N, INT M) {
SET<USER> N; = GETN,(U);
SET<USER> Ny = GETN»(U);
SET<USER> N3 = GETN3(U);
ORDEREDLIST<COURSE, FLOAT> Ly, Lo, Ls, Ly;
ORDEREDSET<COURSE> R;
L = GETFRIENDSOURCINGCS(U, N;);
Ly = GETFRIENDSOURCINGCS(U, N»)
L; = GETFRIENDSOURCINGCS (U, Nj)
L = GETCROWDSOURCINGCS(U);
ADDFRIENDSOURCINGCS (L1, Lo, Ls, N, R);
ADDCROWDSOURCINGCS(Ly, M, R);
RETURN R;

b
b

ORDEREDLIST<COURSE, FLOAT> GETFRIENDSOURCINGCS(USER U, SET<USER> N) {
ORDEREDLIST<COURSE, FLOAT> L;
FOR EACH V IN N {
SET<COURSE> CCS = GETCANDIDATECS(U, V);
FOR EACH cs IN CCS {
FLOAT RV = CALCULATERELEVANCEVALUECS (U, v, CS);
ADDLIST((CS, RV), L);

}

FOR EACH CS IN L {
FLOAT RC = CALCULATEREPETITIONCOEFFICIENT(CS, L);
ApjustLisT(Cs, RC, L);

REMOVEREPEATEDCOURSES(L);

RETURN L;
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3.4.3 Implementation of the Recommender System

The proposed recommendation algorithms are implemented in MySQL stored procedures and
functions, using the presented pseudocodes. Note that the following codes were provided by
Evimed.

3.4.3.1 Stored Procedures

The implementation of the main stored procedure getResourcesActivitiesRecommendations is
presented below:

/* GETRESOURCESACTIVITIESRECOMMENDATIONS

INPUTS:

INT USER -> IDENTIFIER OF THE USER

INT CURSO -> IDENTIFIER OF THE COURSE

INT MINVAL -> MINIMUM AVERAGE RANKING FOR ITEMS TO BE RECOMMENDED
INT MINVOT -> MINIMUM NUMBER OF RATINGS FOR ITEMS TO BE RECOMMENDED
INT N -> NUMBER OF ITEMS TO BE RECOMMENDED USING FRIENDSOURCING

INT M -> NUMBER OF ITEMS TO BE RECOMMENDED USING CROWDSOURCING

*/

CREATE PROCEDURE GETRESOURCESACTIVITIESRECOMMENDATIONS(IN USER INT, IN
CURSO INT, IN MINVAL INT, IN MINVOT INT, IN N INT, IN M INT)
BEGIN

CALL GETN(USER);

CALL GETCURRENTMODULE(CURSO, @QCURRENTMODULE);

DELETE FROM ‘AUXILIAR ITEMS FRIENDSOURCING’ WHERE ‘USER’ = USER
AND ‘1D POST’ = QCURRENTMODULE;

CALL GETFRIENDSOURCINGRESOURCESA CTIVITIES ( USER, @QCURRENTMODULE,
MiNvVAL, MINVOT, 1);
CALL GETFRIENDSOURCINGRESOURCESA CTIVITIES( USER, @QCURRENTMODULE,
MiINVAL, MINVOT, 2);
CALL GETFRIENDSOURCINGRESOURCESA CTIVITIES ( USER, @QCURRENTMODULE,
MINVAL, MINVOT, 3);
CALL GETCROWDSOURCINGRESOURCESA CTIVITIES( USER, @QCURRENTMODULE,

MINVAL, MINVOT);
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END

INSERT INTO ‘AUXILIAR2 ITEMS FRIENDSOURCING’

SELECT ‘USER’, ‘ID_ POST’, ‘TITULO’, ‘RV’, ‘NIVEL’

FROM (SELECT *, FIND IN_SET (‘RV’, (SELECT GROUP_CONCAT (‘RV’
ORDER BY ‘RV’ DESC) FROM AUXILIAR__ITEMS__FRIENDSOURCING A2 WHERE
A2.'NIVEL’ = Al.NIVEL’ AND A2.USER’ = Al.‘USER’ AND A2.ID POST =
Al.iD_POST’)) AS RANK FROM AUXILIAR ITEMS FRIENDSOURCING Al WHERE
ALNIVEL’ <> 4 AND USER = A1l.‘USER’ AND QCURRENTMODULE = Al.‘ID_ POST’
ORDER BY RANK, ‘NIVEL’) AS T

WHERE 1

GROUP BY ‘TITULO’

ORDER BY RANK, ‘NIVEL’

LIMIT 0, N;

INSERT INTO ‘AUXILIAR2 ITEMS FRIENDSOURCING’
SELECT ‘USER’, ‘ID_ POST’, ‘TITULO’, ‘RV’, ‘NIVEL’
FROM ‘AUXILIAR ITEMS FRIENDSOURCING’
WHERE ‘NIVEL” = 4 AND ‘ID POST’ = QCURRENTMODULE AND ‘TiTurLo’ NOT
IN (SELECT ‘TITULO’
FROM ‘AUXILIAR2 ITEMS FRIENDSOURCING’
WHERE ‘USER’ = Usgr AND ‘ID_ POST’ = @QCURRENTMODULE)
ORDER BY ‘RV’ DESC
LIMIT 0, M;

DELETE FROM ‘AUXILIAR ITEMS FRIENDSOURCING' WHERE ‘USER’ = USER
AND ‘1D POST’ = QCURRENTMODULE;

INSERT INTO ‘AUXILIAR ITEMS FRIENDSOURCING’
SELECT * FROM ‘AUXILIAR2 ITEMS FRIENDSOURCING’

WHERE ‘USER’ = USerR AND ‘ID_ POST’ = QCURRENTMODULE;

DELETE FROM ‘AUXILIAR2 ITEMS FRIENDSOURCING’ WHERE °‘USER’ = USER
AND ‘1D POST’ = QCURRENTMODULE;

SELECT * FROM ‘AUXILIAR ITEMS FRIENDSOURCING’ WHERE ‘USER’ = USER
AND ‘ID_ POST’ = QCURRENTMODULE;
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The auxiliary stored procedure getN searches the three levels of user relationships for a user and
inserts this information in the auxiliary table auziliar amigos. An implementation of this
procedure is presented below:

/™ GETN
INPUTS:
INT _ USER -> IDENTIFIER OF THE USER
*/
CREATE PROCEDURE GETN(IN _ USER INT)
BEGIN
DELETE FROM ‘AUXILIAR__AMIGOS” WHERE ‘USER’ = _ USER;

INSERT INTO ‘AUXILIAR _AMIGOS’ (‘USER’, ‘AMIGO’, ‘NIVEL’)
SELECT _ USER, Ul.‘IDUSER__CONOCIDO’, 1
FROM ‘USER_ RELACIONES’ Ul
WHERE ul. ‘IDuser’ = USgErR AND ul. ‘IDUSER cONOCIDO’ IN
(SELECT u2. ‘IDUSER’
FROM ‘USER_ RELACIONES’ U2
WHERE v2.‘IDUSER__coONOCIDO’ = UL.‘IDUSER’) AND
Ul.‘IDUSER__ CONOCIDO’ > 0
GROUP BY ul.‘IDUSER’, UL.‘IDUSER__CONOCIDO’;

INSERT INTO ‘AUXILIAR _AMIGOS’ (‘USER’, ‘AMIGO’, ‘NIVEL’)
SELECT _ USER, Ul.‘IDUSER__ CONOCIDO’, 2
FROM ‘USER__RELACIONES’ Ul
WHERE Ul.‘IDUSER’ = UseErR AND ul.‘/IDuser coNocIpDO’ NOT IN
(SELECT u2.‘IDUSER’
FROM ‘USER__RELACIONES’ U2
WHERE v2.‘IDUSER__cONOCIDO’ = UL.‘IDUSER’) AND
Ul.‘IDUSER_ CONOCIDO’ > 0
GROUP BY ul.‘IDUSER’, UL.‘IDUSER__CONOCIDO’;

INSERT INTO ‘AUXILIAR AMIGOS’ (‘USER’, ‘AMIGO’, ‘NIVEL)

SELECT _USER, Al.‘ID__AMIGO’, 3

FROM ‘AMIGOS CURSOS’ Al

WHERE A1.‘ID_usuArio’ = USer AND Al.‘ID _Amico’ NOT IN
(SELECT ul.‘IDUSER__CONOCIDO’
FROM ‘USER RELACIONES’ Ul
WHERE Uul.‘IDUSER’ = A1.‘ID__usuArio’) AND Al.‘ID__amico’ > 0

GROUP BY Al1.‘ID_ USUARIO’ , ALl.‘ID_ AMIGO’;

END
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The auxiliary stored procedure getCurrentModule returns the current module for a course. An

implementation of this procedure is shown below:

/* GETCURRENTMODULE
INPUTS:
INT CURSO -> IDENTIFIER OF THE COURSE

*/

CREATE PROCEDURE GETCURRENTMODULE(IN CURSO INT, OUT VARSALIDA INT)
BEGIN
SET @consuLTA = CONCAT(
'SELECT PM1.‘POST ID’ AS POST
INTO QRESULTADO
FROM ‘wWpP_ POSTMETA’ PM1, ‘WP_ POSTMETA’ PM2

WHERE PM1.‘META KEY’ = “FECHA_FIN ACTIVIDAD” AND
PM1.‘META VALUE' > “2017-11-15" AND pML1.‘POST ID’ =
PM2.‘POST__ID’ AND PM2.“‘META__KEY’
“DT_LESSON COURSE” AND PM2.‘META VALUE’ =

", CURsO,'

ORDER BY PM1.‘META VALUE’

LIMIT 0, 1');

PREPARE Aux FROM @QCONSULTA;
EXECUTE AUX;
I[F @QRESULTADO IS NULL
THEN SET VARSALIDA = -1;
ELSE SET VARSALIDA = @QRESULTADO;
END 1F;

END

The auxiliary stored procedure getFriendsourcingResourcesActivities inserts the candidate items
in the auxiliary table auxiliar items friendsourcing. The implementation of this procedure is
shown below:

/* GETFRIENDSOURCINGRESOURCESA CTIVITIES

INPUTS:

INT USER -> IDENTIFIER OF THE USER

INT MODULO -> IDENTIFIER OF THE MODULE

INT MINVAL -> MINIMUM AVERAGE RANKING FOR ITEMS TO BE RECOMMENDED
INT MINVOT -> MINIMUM NUMBER OF RATINGS FOR ITEMS TO BE RECOMMENDED
INT NIVEL -> LEVEL OF USER RELATIONSHIP

*/
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CREATE PROCEDURE GETFRIENDSOURCINGRESOURCESACTIVITIES(IN USER INT, IN

MODULO INT, IN MINVAL INT, IN MINVOT INT, IN NIVEL INT)

BEGIN
INSERT INTO ‘AUXILIAR__ITEMS__FRIENDSOURCING’ (‘USER’, ‘ID_ POST’, ‘TITULO’,
‘RV’, ‘NIVEL’)
SELECT USER, MODULO, V.‘NOMBRE__SECCION’, RELEVANCEVALUER A (USER,
V.‘ID__USUARIO’, MODULO, V.‘NOMBRE__SECCION’) , 2
FROM ‘VALORES TOGGLE’ v WHERE v.ID POST’ = MobuLo AND
V.‘NOMBRE__ SECCION” IN (SELECT V2.‘NOMBRE__SECCION” FROM
‘VALORES__TOGGLE’ v2 WHERE v2.i1b_ posT’ = v.‘ID_ POsT’ GROUP BY
Vv2.‘ID__POST’ , V2.°NOMBRE__SECCION’
HAVING AVG(Vv2.VALOR’) > MiNvAL AND COUNT(v2.ID’) > MinvoT AND
SUM(IF(v2.‘1b__usuArio’ IN (SELECT A.‘AM1GO0" FROM ‘AUXILIAR__AMIGOS’ A
WHERE A.‘USER’ = USER AND A.‘NIVEL’ = NIVEL), 1, 0)) > 0) AND
v.iD__USUARIO’ IN (SELECT A.‘AMIGO" FROM ‘AUXILIAR__AMIGOS’ A WHERE
A.‘USER’ = USER AND A.'NIVEL’ = NIVEL);

UPDATE ‘AUXILIAR ITEMS FRIENDSOURCING’

SET ‘RV’ = (‘RV’ * REPETITIONCOEFFICIENT (‘USER’, ‘ID__ POST’, ‘TITULO’,
‘NIVEL))

WHERE ‘USER’ = USER AND ‘IiD_ PosT’ = MODULO AND ‘NIVEL’ = NIVEL;

INSERT INTO ‘AUXILIAR2 ITEMS FRIENDSOURCING’

SELECT *

FROM ‘AUXILIAR ITEMS FRIENDSOURCING’ Al

WHERE A1.‘RV’ = (SELECT MAX(A2.‘RV’) FROM

‘AUXILIAR__ITEMS_ FRIENDSOURCING’ A2 WHERE A1l.‘USER’ = A2.‘USER’ AND
Al.‘ID POST’ = A2.‘ID_ POST’ AND Al.‘TITULO’ = A2.‘TITULO’ AND Al.‘NIVEL’ =
A2.NIVEL’);

DELETE FROM ‘AUXILIAR ITEMS FRIENDSOURCING’ WHERE ‘USER’ = USER
AND ‘1D posT’ = MODULO AND ‘NIVEL’ = NIVEL;

INSERT INTO ‘AUXILIAR ITEMS FRIENDSOURCING’
SELECT * FROM ‘AUXILIAR2 ITEMS FRIENDSOURCING’
WHERE ‘UseErR’ = UserR AND ‘ID_ PoST’ = MoDULO AND ‘NIVEL’ = NIVEL;

DELETE FROM ‘AUXILIAR2 ITEMS FRIENDSOURCING’

WHERE ‘UseErR’ = UserR AND ‘ID_ PoST’ = MoDULO AND ‘NIVEL’ = NIVEL;
END
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The auxiliary stored procedure getCrowdsourcingResourcesActivities inserts in the candidate
items in the auxiliary table auxiliar items_friendsourcing with level 4 (crowdsourcing). The
implementation of this procedure is shown below:

/* GETCROWDSOURCINGRESOURCESA CTIVITIES

INPUTS:

INT USER -> IDENTIFIER OF THE USER

INT MODULO -> IDENTIFIER OF THE MODULE

INT MINVAL -> MINIMUM AVERAGE RANKING FOR ITEMS TO BE RECOMMENDED
INT MINVOT -> MINIMUM NUMBER OF RATINGS FOR ITEMS TO BE RECOMMENDED

*/

CREATE PROCEDURE GETCROWDSOURCINGRESOURCESACTIVITIES(IN USER INT, IN
MoDULO INT, IN MINVAL INT, IN MINVOT INT)
BEGIN
INSERT INTO ‘AUXILIAR_ITEMS_FRIENDSOURCING’ (‘USER’, ‘ID__POST’, ‘TITULO’,
‘RV’, ‘NIVEL’)
SELECT USER, MODULO, V.‘NOMBRE__SECCION’, AVG(V.‘VALOR’), 4
FROM ‘VALORES_TOGGLE’ V
WHERE v.‘iIDb_ POST’ = MODULO
GROUP BY v.‘Ib_ POST’ , V.‘NOMBRE__SECCION’
HAVING AVG(v. ‘VALOR’) > MINVAL AND COUNT(v.ID’) > MINVOT;
END

3.4.3.2 Functions

The main stored procedure getResourcesActivitiesRecommendations uses several functions,
including relevanceValueRA, which calculates the relevance value of an item, and
repetitionCoefficient, which calculates the value of the repetition coefficient. The implementation
of these functions is shown below:

/* RELEVANCEVALUERA

INPUTS:

INT USER -> IDENTIFIER OF THE USER

INT AMIGO -> IDENTIFIER OF THE FRIEND

INT MODULO -> IDENTIFIER OF THE MODULE
VARCHAR(200) SECCION -> TITLE OF THE SECTION
OUTPUTS:

DOUBLE

*/
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CREATE FUNCTION RELEVANCEVALUERA (USER INT, AMIGO INT, MODULO INT, SECCION

VARCHAR(200)) RETURNS DOUBLE
BEGIN
DECLARE RV DOUBLE;
DECLARE EVAL INT;
DECLARE SIME DOUBLE;
SELECT ‘vALor’ INTO EVAL

FROM ‘VALORES TOGGLE’ WHERE ‘1D pPOST’ = MobuLo AND
‘NOMBRE__SECCION’ = SECCION AND ‘ID_ USUARIO’ = AMIGO;
SELECT (SUM(5 - ABS(V1.“VALOR’ - V2.‘VALOR’)) / COUNT(v1.cID”)) INTO

SIME FROM ‘VALORES TOGGLE’ V1,
‘VALORES TOGGLE’ V2

WHERE Vv1.‘ID USUARIO’ = USER AND v2.ID USUARIO’ = AMIGO AND
v1.‘ID__ POST’ = v2.ID_ POST’ AND V1.‘NOMBRE _SECCION’

V2.‘NOMBRE__SECCION’;
SET RV = (EVAL * SIME) / 5;
RETURN RV;

END

/* REPETITIONCOEFFICIENT

INPUTS:

INT USER -> IDENTIFIER OF THE USER

INT MODULO -> IDENTIFIER OF THE MODULE
VARCHAR(200) SECCION -> TITLE OF THE SECTION
INT NIVEL -> LEVEL OF USER RELATIONSHIP
OUTPUT:

DOUBLE

*/

CREATE FUNCTION REPETITIONCOEFFICIENT(USER INT,
VARCHAR(200), NIVEL INT) RETURNS DOUBLE
BEGIN

DECLARE RC DOUBLE;

DECLARE cANTREP INT;

DECLARE cANTMAXREP INT;

SELECT COUNT(*) INTO cANTREP
FROM ‘AUXILIAR__ITEMS_ FRIENDSOURCING’

MoDULO

INT,

SECCION

WHERE ‘USER’ = USErR AND ‘ID_ POST’ = MobuLO AND ‘TITULO’ = SECCION

AND ‘NIvEL’ = NIVEL;
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SELECT COUNT(*) INTO cANTMAXREP
FROM ‘AUXILIAR_ITEMS FRIENDSOURCING’
WHERE ‘UsEr’ = USErR AND ‘1D pPosST’ = MobpuLo AND ‘NIVEL’ = NIVEL
GROUP BY ‘11TULO’
ORDER BY count(*)
DESC LIMIT 0, 1;
SET RC = (cANTREP/CANTMAXREP);
RETURN RC;
END

3.4.4 Testing of the Recommender System

The main aim of the testing is to find defects in order to improve the quality of the proposed
recommender system. In this section, test cases which allow to verify the different recommendation
algorithms are defined.

Firstly, the sets of test users, test items, and system operations are specified. Then, an example
of interaction diagram which shows the interchange of messages in form of system operations

between test users are presented.

Finally, the test cases mentioned in the interaction diagrams are specified, indicating the state of
the sets Ni, N>, N;, and the parameter values.

3.4.4.1 Test Users, Test Items and System Operations

In this section, test users, test items and systems operations used in the different test cases are
specified. Table 3 shows the different test users considered in test cases.

Test User Identifier Test User Name

A Antonio Lépez

C Camilo Caminada
D Daniel Gonzélez
L Libertad Tansini

Table 3 - Test users.
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Then, resources, activities and comments of a course C' are specified in Table 4.

Test Item Test Item Name Notes

Identifier
R; Resource_i, i = 1..4 It is a resource of the current module
R; Resource_j, j = 5..8 It is a resource of the immediate previous module
A; Activity 4, i= 1.4 It is an activity of the current module
A; Activity_j, j=5..8 It is an activity of the immediate previous module
Gi Comment_ 4, 1= 1..4 It is a comment published in the last day
Cs Comment_ 5 It is a comment published in the last three days
Cé Comment_ 6 It is a comment published in the last five days
Cr Comment 7 It is a comment published in the last six days
Cs Comment__8 It is a comment published in the last seven days

Table 4 - Test items.
The system operations considered in the testing are listed below:

= esConocido( Uy, Us): User Up explicitly states that he knows user U, which means U, €
No(Th). If it is also true that esConocido(Us, Uy) then U € No(Uh).

»  esContacto( Uy, Us): User Ui indicates that user Us is an acquaintance, which means U €
Na(Uh)

»  evaluarltem(U, I, V): User U rates item I (resource (R) or activity (A4)) with value V.
»  wisualizar(U, C): User U visualizes comment C.

»  meGusta( U, C): User U likes comment C. This operation implies visualizing the comment
first.

»  obtenerRec(U, I, CP): User U obtains personalized recommendations of items of type I
(resources (R), activity (A) or comment(C), through the test case CP.

3.4.4.2 Interaction Diagrams

Fig. 15 and Fig. 16 depict examples of interaction diagrams which shows the interchange of
messages in form of system operations between test users. Initially, the friendsourcing sets Ni, N,
and N; are empty.
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Fig. 16 - Second example of interaction diagram between users.
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3.4.4.3 Test Cases

Table 5 shows the different test cases for the three recommendation algorithms. For each test

case, the following information is specified:

= Jdentifier: Indicates the identifier of the test case.

=  Type of recommended item: Indicates the sort of the recommended item. The values are

“Resource”, “Activity”, or “Comment”.

= Pre-conditions: Indicate the conditions before generating personalized recommendations,

regarding the friendsourcing sets of users (N1, Ny, N3) and the parameter values (u, ¢, s,

nmod, A, o, k, @, 0, n, m), mentioned earlier in section 3.4.1.1.

= Expected results: Indicate the set of recommended items and the origin of the

recommendations regarding the lists L., Ly, Ls or L, specified earlier in section 3.4.2.

Test Type of Pre-Conditions
Case Recommended

Identifier Item
cp Resource Ni(u) # ¢, Nao(u) = ¢,

Ni(u) =9, c = C, s = ‘R/,
nmod =0, A = 3.0, c = 1,
n=5 m=20

CP; Activity Ni(u) # ¢, Nao(u) = o,
Ns(u) =0, c= C, s = ‘A",
nmod =0, A = 3.0,c =1,
n=5m=20

CP; Resource Ni(u) # ¢, Nao(u) = o,
Ns(u) =9, c= C, s = ‘R,
nmod=0,AL=3.0,c=1,
n=0 m=5
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Expected Results

Active user u receives from 0 to 5
recommended resources of the
current module of the course C,
whose average rating is greater or
equal to 3.0 and have one or more
views. Recommendations came
from L,

Active user u receives from 0 to
5 recommended activities of the
current module of the course C,
whose average rating is greater
or equal to 3.0 and have one or
more views. Recommendations
came from I,

Active user u receives from 0 to
5 recommended resources of the
current module of the course C,
whose average rating is greater
or equal to 3.0 and have one or



CP,

CPs

CPs

CP;

CPxs

CPy

Activity

Comment

Comment

Resource

Activity

Resource

Ni(u) # ¢, No(u) = 0,
Ns(u) =9, c= C, s = ‘A",
nmod =0, A = 3.0,c =1,
n=0 m=>5

Ni(u) # ¢, No(u) = ¢,
Ni(u)=90,c=C k=10
=1,0=1,n=5 m=0

Ni(u) # 0, No(u) = o,
N';(U):Q,C:C,k:]_,(p
=1,0=1,n=0,m=>5

Ni(u) # ¢, No(u) = ¢,
Ns(u) # ¢, c = C, s = ‘R,
nmod=1,A=3.0,c=1,
n=3 m=2

Ni(u) # ¢, No(u) = 0,
Ns(u) # ¢, c = C, s = ‘A",
nmod =1, A =3.0,c = 1,
n=3 m=2

Ni(u) # 0, No(u) # ¢,
Ni(u) =9, c= C, s = ‘R,
nmod =1, A = 3.0, c = 1,
n=3 m=2
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more views. Recommendations
came from L,

Active user u receives from 0 to
5 recommended activities of the
current module of the course C,
whose average rating is greater
or equal to 3.0 and have one or
more views. Recommendations
came from I,

Active user u receives from 0 to
5 recommended comments of the
course C published in the last
day which have at least one
“like” and one view.
Recommendations came from L,
Active user u receives from 0 to
5 recommended comments of the
course C, published in the last
day which have at least one
“like” and one view.
Recommendations came from L,
Active user u receives from 0 to 5
recommended resources of the
current and immediate previous
module of the course C, whose
average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from L;, Lyo L,

Active user u receives from 0 to
5 recommended activities of the
current and immediate previous
module of the course C, whose
average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from Ll, L;;, @) L4

Active user u receives from 0 to
5 recommended resources of the
current and immediate previous

module of the course C, whose



CPll]

CPn

CPy,

CPi

Activity Ni(u) # ¢, Nao(u) # ¢,
Ns(u) =9, c= C, s = ‘A",
nmod =1, A = 3.0, c = 1,
n=3 m=2

Resource Ni(u) # ¢, Nao(u) # @,
Ns(u) # ¢, c = C, s = ‘R,
nmod =1, A =3.0,c = 1,
n=3 m=2

Activity Ni(u) # ¢, No(u) # @,
Ns(u) # ¢, c = C, s = ‘A",
nmod=1,A=3.0,c=1,
n=3 m=2

Comment Ni(u) # 0, No(u) # ¢,
N;(U)?éﬁycz C,k:7,(P
=1,06=1,n=3 m=2

average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from L;, Ly, 0 L,

Active user u receives from 0 to
5 recommended activities of the
current and immediate previous
module of the course C, whose
average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from L;, Ls, 0 L,

Active user u receives from 0 to
5 recommended resources of the
current and immediate previous
module of the course C, whose
average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from L;, Ly, Ly, 0 L,

Active user u receives from 0 to
5 recommended activities of the
current and immediate previous
module of the course C, whose
average rating is greater or equal
to 3.0 and have one or more
ratings. Recommendations came
from L;, Ly, L3, 0 L,

Active user u receives from 0 to
5 recommended comments of the
course C, published in the last
seven days which have at least
one “like” and one view.
Recommendations came from L,

Lg, L;,‘, (6] L/,

Table 5 - Test cases for the personalized recommendation algorithms.
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3.4.5 Deployment in Production Environment

After the testing phase, the deployment of the recommender system for RedEMC is done in a
production environment. In this section, it is described how to present personalized
recommendations to users in RedEMC. Then, the performance of the recommender system is
analyzed.

3.4.5.1 Personalized Recommendations in RedEMC

Fig. 17 depicts six personalized recommendations of resources and activities for the active user in
RedEMC.

The average rating in stars and in numeric form are presented for each recommended
resource/activity, next to the name of the resources/activities, as well as an explanation of the
recommendations.

IR A INICIO DEL CURSO

CONTENIDO DESTACADO

iy €FF) conferencia: Las Instituclones son una creacion de las personas ("8ien valorado por tus conocidas’)

ki m Conferencia: Introduccién a las infecciones Asociadas al cuid... {"8ien valorado por tus conocidos”)
ik m Texto: Comité de Control de Infecciones (CCI) ("Bien volorodo por tus conockdos”)

m*ﬁ' m Conversando expertos ["Bien valorado por otros colegas)

ik Conferencia: El factor cultural y su influencia en el control d... rBien valorado por otros colegas”)
****'{? m Texto: Componentes de un programa de prevenclon y cont... ("Bien valorade por otros colegas®]

@ Actividades Iniciales (leccidn anterior) {siguiente Jeccidn) Prevencion de las infecciones asociadas a dispositivos @

Fig. 17 - Personalized recommendations of resources and activities in RedEMC.



Fig. 18 depicts two recommendations of comments for the active user in RedEMC. The number
of likes and the user who published the comment is presented next to the text of the comment.

COMENTARIOS QUE TE PUEDEN

INTERESAR

50 Likes ‘Estimados cursantes: Con mucho gusto les

damos la bienvenida o! curso Gestion en Controf

1118
- > de Injecciones Reed.2018, organizado por
redeEMC Infectologia para Americo Lating, ESta
semana se desarr’
Publicado por Equipo Docente.
23 LIkes ‘Hola ;como estan? como co directora del curso

trabajar, les damos la mas calida bienvenida. Ya

junto a Rodolfo Quiros y en nombre del equipo
J0OCE '»:{' Con qQuienes |'£':"{'-'."4‘-~ el :1f';‘..'|.| ae
=

Fig. 18 - Personalized recommendations of comments in RedEMC.

After visualizing a recommended item (resource/activity or comment), the recommender system
offers the possibility to indicate whether the recommendation has been useful. This information

is relevant to analyze the efficiency of the recommendation process.
Fig. 19 shows a personalized recommendation of courses for the active user via email.

The subject of the email has the form: “< User Name>, this course was done for you!”. Students
have the possibility to indicate that the recommended course is of his/her interest.

The number of recommended courses is determined by the parameters which indicate the

maximum number of comments to be recommended using friendsourcing and crowdsourcing

approaches.
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Daniel Gonzalez, jeste curso fue hecho para til. = Recibidos x

Cursos EviMed <mailings@evimed.net=
para mi v

redEMC

iUn curso recomendado para seguir actualizandote!

Estimado/a Daniel Gonzalez,

Gracias al registro de tu participacion e intervencion en nuestra plataforma en conjunto con la de tus colegas mas
cercanos hemos encontrado en nuestro catalogo de cursos con inscripcion abierta el siguiente curso que pensamos
se ajusta a sus intereses profesionales:

] CURSO ONLINE
Rl

o\

MANEJO INICIAL
DEL ENFERMO
- TRAUMATIZADO

5 JUNIO - 30 JULIO DE 2019

GEATIG (DUCATIVA

P MTOAMATICA ¥ LODGISTICA
e [l 2y
LY
a redEMC ' e Qewmad
Me interesa

e

Fig. 19 - Personalized recommendation of courses via email.

Giving feedback about personalized recommendations is another way to collaborate in the virtual
learning environment. After receiving a recommendation of a resource or activity, users could
indicate whether the recommended resource/activity is useful and after receiving a
recommendation of a course, users could express whether the recommended course is of his/her
interest.
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3.4.5.2 Performance of the Recommender System

Recommendation algorithms are executed in different moments, depending on the type of

recommended item.
For each recommendation algorithm, its average execution time is calculated:
* The recommendation algorithm of resources/activities and comments are executed when
users enter the virtual learning environment. The average execution time is approximately
1.0 second per user.
» The recommendation algorithm of courses is executed once for all the users of the virtual
learning environment. This process lasts four hours approximately for fifteen thousand
students. Therefore, the average execution time is approximately 0.96 seconds per user.

Table 6 shows the average execution times for recommended items.

Recommended Item Average Execution Time (in seconds)

Resource 1.0
Activities 1.0
Courses 0.96

Table 6 - Average execution times for recommended items.
With these average execution times it is possible to indicate that the proposed recommendation

algorithms have good performances. This is due to the implementation of the algorithms in stored

procedures and functions.
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Chapter 4

User Feedback Analysis

This chapter presents the analysis of the user feedback considering the responses given by
students, after receiving personalized recommendations of items in a production environment. The
proposed analysis aims to indicate the usefulness of the recommendations and their impact in the

learning process.

4.1 Parameter Values and Weights used in Production

In this section, the parameter values and weights used in production are specified below:
= For the recommendation algorithm of resources and activities:

GETRESOURCESA CTIVITIESRECOMMENDATIONS(IN USER INT, IN CURSO INT, IN NMOD
INT, IN MINVAL INT, IN MINVOT INT, IN N INT, IN M INT)

The call of this stored procedure passed the following values:

CALL GETRESOURCESACTIVITIESRECOMMENDATIONS($USERID, $CURSO__INSCRIPTO,
5,1, 1,3, 3)

= For the recommendation algorithm of comments:

GETCOMMENTSRECOMMENDATIONS(IN USER INT, IN CURSO INT, IN K INT, IN MINVAL
INT, IN MINVIS INT, IN N INT, IN M INT)

The call of this stored procedure passed the following values:

CALL GETCOMMENTSRECOMMENDATIONS(GET CURRENT__USER_ ID(),
GET__COURSE_ID(), 15, 3, 5, 2, 2)

»  For the recommendation algorithm of courses:

GETCOURSESRECOMMENDATIONS(IN USER INT, IN N INT, IN M INT)
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The call of this stored procedure passed the following values:
CALL GETCOURSESRECOMMENDATIONS ($USERID, 2, 2)
The weights used when calculating demographic similarity between users are the following:

o=01,B=015y%=02538=05

4.2 Collecting User Feedback

The user feedback was collected in different periods of time. Notice that the recommendation
algorithms of resources/activities and comments were the former two algorithms implemented and
put into production. The latter was the recommendation algorithm of courses. Note that the
following information about user feedback was provided by Evimed.

4.2.1 User Feedback for the Recommendations of Resources and
Activities

In June 2018, the proposed recommender system for RedEMC was put into a production
environment. The following user feedback was collected in the first fortnight of June. In this period
of time, 266 resources and activities were rated by users, 538 users have received personalized
recommendations and 77 recommended resources or activities were clicked [8].

Table 7 depicts the origin of the feedback for the recommendations of resources and activities,
regarding the friendsourcing and crowdsourcing sets of users, and the number of positive explicit
feedback obtained.

Origin Number of positive explicit feedback
Friendsourcing (V) 4
Friendsourcing (N) 3
Friendsourcing (Ns) 0
Crowdsourcing 8

Table 7 - Positive explicit feedback for the recommendations of resources and activities.
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Table 8 depicts the origin of the feedback for the recommendations of resources and activities,
regarding the friendsourcing and crowdsourcing sets of users, and the number of negative explicit
feedback obtained.

Origin Number of negative explicit feedback
Friendsourcing (Vi) 0
Friendsourcing (V) 0
Friendsourcing (Ns) 0
Crowdsourcing 1

Table 8 - Negative explicit feedback for the recommendations of resources and activities.

Considering the implicit feedback, which means that the active user did not indicate explicitly
whether recommended items were useful, 14% of the recommendations were viewed and 86% of
the recommendations were not viewed. Fig. 20 shows a pie chart which indicates the percentages
of recommendations of resources and activities viewed and not viewed by the active user, regarding

implicit feedback.

Implicit Feedback

B Recommendations viewed

B Recommendations not viewed

Fig. 20 - Implicit feedback for the recommendations of resources and activities.
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Most of the recommendations of resources and activities generated by the recommender system
were not viewed. There are several explanations to justify the students’ behavior, including the
lack of interest for discovering new learning objects.

Considering the explicit feedback, which means that the active user indicates explicitly whether
recommended resources and activities were useful, 94% of the recommendations were rated
positively and 6% of the recommendations were rated negatively.

Fig. 21 shows a pie chart which indicates the percentages of recommendations of resources and
activities rated positively and negatively by active users, regarding the explicit feedback.

Explicit Feedback

M Rated positively ~ ® Rated negatively

Fig. 21 - Explicit feedback for the recommendations of resources and activities.

Regardless of the low percentage of students who gave explicit feedback, it is possible to conclude
that personalized recommendations of resources and activities were useful and significant to
students. These recommendations allow students to discover new resources and activities which
contribute to enhancing their learning process, since they can be more aware of the most relevant
learning objects in RedEMC.
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A relevant functional requirement in this research project implied tracing the origin of personalized
recommendations in order to explain users the reasoning behind the suggestions.

Fig. 22 shows the origin of the recommendations of resources and activities, according to the
friendsourcing sets of users (N, Ny, N;) and the crowdsourcing set of users (N,). These results
indicate the source of the suggestions, regarding the users and their relationships with the active

user.

Origin of the Recommendations

EN1 WN2 mN3 =N4

Fig. 22 - Origin of the recommendations of resources and activities.

Notice that the majority of the recommendations (73%) were originated from the crowdsourcing
set of users Nj, which implies that personalized suggestions were generated considering the whole
set of users of the course, instead of considering the information provided from a reduced group

of users.
This result is probably due to the cold-start problem, since there may not be enough friendsourcing

relationships between users or there may not be enough ratings of items at the time of generating
recommendations.
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4.2.2 User Feedback for the Recommendations of Comments

The following user feedback was also collected in the first fortnight of June. In this period of time,
2635 comments were published in discussion forums, 2649 users have received personalized

recommendations and 700 recommended comments were clicked [8].

Table 9 depicts the origin of the feedback for the recommendations of comments, regarding the
friendsourcing and crowdsourcing sets of users, and the number of positive explicit feedback

obtained.

Origin Number of positive explicit feedback
Friendsourcing (V) 0
Friendsourcing (N) 4
Friendsourcing (Ns) 0
Crowdsourcing 13

Table 9 - Positive explicit feedback for the recommendations of comments.

Table 10 depicts the origin of the feedback for the recommendations of comments, regarding the
friendsourcing and crowdsourcing sets of users, and the number of negative explicit feedback

obtained.

Origin Number of negative explicit feedback
Friendsourcing (V) 0
Friendsourcing (N) 0
Friendsourcing (Ns) 0
Crowdsourcing 0

Table 10 - Negative explicit feedback for the recommendations of comments.

Considering the implicit feedback, which means that the active user did not indicate explicitly
whether recommended items were useful, 26% of the recommendations were viewed and 74% of
the recommendations were not viewed. Fig. 23 shows a pie chart which indicates the percentages
of recommendations of comments viewed and not viewed by active users, regarding implicit
feedback. As in the previous case, most of the recommendations of comments generated by the

recommender system were not viewed.
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Implicit Feedback

B Recommendations viewed

B Recommendations not viewed

Fig. 23 - Implicit feedback for the recommendations of comments.

Considering the explicit feedback, which means that the active user indicates explicitly whether
recommended comments were useful, 100% of the recommendations were rated positively and 0%
of the recommendations were rated negatively. Fig. 24 shows a pie chart which indicates the
percentages of recommendations of comments rated positively and negatively by the active user,

regarding the explicit feedback.

Explicit Feedback

M Evaluated positively ~ ® Evaluated negatively

Fig. 24 - Explicit feedback for the recommendations of comments.

90



Despite the low percentage of students who gave explicit feedback, it is possible to conclude that
personalized recommendations of comments were meaningful to students and contribute to
enhancing the learning process of the students. These recommendations of comments allow
students to be more aware of interesting exchanges among colleagues and teachers in different
discussion forums, which helps to fulfill the academic objective mentioned earlier in Chapter 3.

Regarding the traceability of the recommendations, Fig. 25 shows the origin of the

recommendations of comments, according to the friendsourcing and crowdsourcing sets of users.

Origin of the Recommendations

Fig. 25 - Origin of the recommendations of comments.

The majority of the recommendations (84%) were also originated from the crowdsourcing set of
users N, which implies that personalized suggestions were generated considering the whole set of
users of the course, instead of considering the information provided from a reduced group of users.
This result is also probably due to the cold-start problem, since there may not be enough

friendsourcing relationships between users at the time of generating recommendations.
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4.2.3 User Feedback for the Recommendations of Courses

Evimed sends emails to users including: newsletters, invitations to courses and webinars, and
course announcements among others [33]. After implementing the recommendation algorithm of
courses, a new type of email is considered, which provides personalized recommendations of courses
using the suggestions provided by the proposed algorithm.

In a period of three months approximately (from September to November 2018), the number of
emails, the percentages of opened emails, and the percentages of clicked emails were registered.
Table 11 presents these data about some types of emails sent by Evimed during the trimester.

Date Type of Email Sent  Opened Clicked

(%) (%)
2018-11-27 Personalized recommendations of courses 12932 23.65 1.38
2018-11-26  Get discounts on your courses 15974 6.45 0.58
2018-11-20 First-semester online courses 27991 12.28 2.08
2018-10-29 [One week free] Access to the course 16224 14.46 0.68
2018-10-24 [Two weeks free] Access to the course 16290 13.77 0.86
2018-10-04 Watch a free webinar 13766 14.45 2.04
2018-09-10 T invite you to be part of this course 21565 25.64 1.89
2018-09-05  Your opinion matters to us 17025 10.88 1.47
2018-09-03 Meet the international teachers of this course = 16095 13.53 0.77

Table 11 - Types of email sent by Evimed.

Almost 24% of the emails which contain personalized recommendations of courses were opened by
the active user. Regarding FEvimed’s expertise, the percentage of opened emails is high for this
type of email.

Notice that the percentage of clicked emails shows the interest in the recommended courses and
therefore, it may imply possible enrollments which helps to fulfill the commercial objective
mentioned earlier in Chapter 3.



Chapter 5

Conclusions and Future Work

This chapter presents the conclusions of the research project, regarding collaborative
recommendations in virtual learning environments. Then, several lines of future work are specified.

5.1 Conclusions

In this research project, it is explained how to process valuable information about collaborations
in virtual learning environments, to generate meaningful recommendations of educational items.

Evimed encouraged students to participate and collaborate in its virtual learning environment by
creating and maintaining their academic network, rating different types of items, and giving
explicit and implicit feedback, in order to produce meaningful and personalized recommendations
of items in RedEMC [8].

In this research project, a real recommender system for a virtual learning environment in the
context of CME was proposed, designed, developed and put into production, fulfilling the
academic and commercial objectives specified by Evimed. Three distinct recommendation
algorithms which produce personalized recommendations of resources and activities, comments,
and courses were designed and implemented. These algorithms utilized information about different
sorts of collaborations in the virtual learning environment, relationships between users, as well as
information about user’s profile such as demographic data. Different collaborative filtering
techniques were employed including user-based and item-based collaborative filtering, as well as

demographic techniques.

Recommendation algorithms utilized distinct friendsourcing and crowdsourcing sets of users to
generate meaningful suggestions of items. These sets of users determined the origin of personalized
recommendations. To calculate how similar is a specific student to the active user, several
similarity metrics were used. After implementing the recommendation algorithms, a set of test

cases were defined to verify the proposed recommender system.

User feedback was collected during different periods of time. According to the explicit feedback,
more than 90% of the recommendations of resources/activities and comments were rated positively
by RedEMC’s users. These results indicate that collaborative recommendations in virtual learning
environments enhance each students’ learning process and user’s experience and could stimulate
further collaboration.
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5.2 Future Work

In this section, several lines of future work are described in relation to collaborative
recommendations.

Due to the limited time of the research project, there was not enough time to adequately test the
recommender system for RedEMC [8]. Despite this fact, Evimed’s team executed some of the
proposed test cases. It is desirable to make extensive tests to detect possible improvements, and
therefore to enhance recommender system’s quality.

The different recommendation algorithms use parameters and weights to determine personalized
recommendations of items. Initially, Evimed considered our suggestions about parameter values
and weights. These parameters values and weights were set manually by a system administrator.
It could be interesting to consider several machine learning techniques in order to determine and
set optimal parameter values and weights, enhancing the efficiency of the recommender system.

Regarding relationships between users, the proposed recommender system only considered one-
hop relationships, including the students who knew the active user and the ones who were
acquaintances of him/her to determine personalized suggestions of items.

An interesting line of future work is to consider other types of relationships in the virtual learning
environment, such as multi-hop relationships.

In relation to the recommendations of comments, the proposed recommendation algorithm did
not regard comments which were semantically duplicated. It is desirable to discard duplicated
comments which have the same meaning. To achieve this goal, Natural Language Processing
techniques could be used [32].

One important requirement in this research project was to trace the origin of the recommendations
[8]. Defining a general model of traceability which utilizes recommendation approaches and
techniques, relationships between users and recommended items, could be considered as future
work. This model could be used to indicate how personalized recommendations were generated
for the active user.

Another interesting line of future work is to create appropriate justifications for the
recommendations, regarding information about the relationships between users in the virtual
learning environment. These justifications explain the criteria used to produce meaningful
suggestions, enabling users to gain confidence and transparency in the recommender system [34].
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It will be interesting to employ collaborative recommendations in the context of local institutional
repositories, in order to assist users in discovering academic documents that may be of interest to
them, considering their relationships and collaborations in the platform.
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