N

N

Recommendation of activity sequences during
distributed events

Diana Nurbakova

» To cite this version:

Diana Nurbakova. Recommendation of activity sequences during distributed events. Other [cs.OH].
Université de Lyon, 2018. English. NNT: 2018LYSEI115 . tel-02090744

HAL Id: tel-02090744
https://theses.hal.science/tel-02090744
Submitted on 5 Apr 2019

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://theses.hal.science/tel-02090744
https://hal.archives-ouvertes.fr

UNIVERSITE
= I N SA

N°d’ordre NNT : 2018LYSEI115

€l

THESE de DOCTORAT DE L'UNIVERSITE DE LYON
opérée au sein de
L'Institut National des Sciences Appliquées de Lyon
(INSA Lyon)

Ecole Doctorale N° 512
Informatique et Mathématiques de Lyon

Spécialité/ discipline de doctorat :
Informatique

Soutenue publiguement/a huis clos le 13/12/2018, par :
Diana Nurbakova

Recommendation of Activity Sequences
during Distributed Events

Devant le jury composé de :

BELLOT Patrice Professeur des Aix Marseille Université Président
Universités

BELLOT Patrice Professeur des Aix Marseille Université Rapporteur
Universités

BOYER Anne Professeur des Université de Lorraine Rapporteur
Universités

MOTHE Josiane Professeur des ESPE Toulouse Midi- Examinatrice
Universités Pyrénées

MARKOV Ilya Assistant Professor University of Examinateur

Amsterdam

CALABRETTO Sylvie Professeur des INSA Lyon Directrice de these
Universités

GENSEL Jérome Professeur des Université Grenoble Co-directeur de
Universités Alpes thése

LAPORTE Léa Maitre de INSA Lyon Co-directrice de
conférence thése

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf

© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Département FEDORA — INSA Lyon - Ecoles Doctorales — Quinquennal 2016-2020

SIGLE ECOLEDOCTORALE NOM ET COORDONNEES DU RESPONSABLE
CHIMIE CHIMIE DE LYON M. Stéphane DANIELE
- Institut de recherches sur la catalyse et I'enviesnent de Lyon
http://www.edchimie-lyon.fr IRCELYON-UMR 5256
Sec. : Renée EL MELHEM Equipe CDFA
Bat. Blaise PASCAL, 3e étage 2 Avenue Albert EINSTEIN
secretariat@edchimie-lyon.fr 69 626 Villeurbanne CEDEX
INSA : R. GOURDON directeur@edchimie-lyon.fr
E.EA. |[ELECTRONIQUE, M. Gérard SCORLETTI
ELECTROTECHNIQUE, Ecole Centrale de Lyon
AUTOMATIQUE 36 Avenue Guy DE COLLONGUE
http://edeea.ec-lyon.fr 69 134 Ecully
’ e : Tél : 04.72.18.60.97 Fax 04.78.43.37.17
Sec. : M.C. HAVGOUDOUKIAN gerard.scorletti@ec-lyon. fr
ecole-doctorale.eea@ec-lyon.fr
E2M2  |[EVOLUTION, ECOSYSTEME, M. Philippe NORMAND
MICROBIOLOGIE, MODELISATION UMR 5557 Lab. d’Ecologie Microbienne
. . Université Claude Bernard Lyon 1
http://e2m2.universite-lyon.fr Batiment Mendel
g;e. A:tS.waeURC(I)BBII_ERJOlT 43, boulevard du 11 Novembre 1918
. rlum, yon 69 622 Villeurbanne CEDEX
Tel : 04.72.44.83.62 philippe.normand@univ-lyon1.fr
INSA : H. CHARLES
secretariat.e2m2@univ-lyonl.fr
Episs  |INTERDISCIPLINAIRE Mme Emmanuelle CANET-SOULAS
SCIENCES-SANTE INSERM U1060, CarMeN lab, Univ. Lyon 1
hitp:// diss-| ¢ Batiment IMBL
ttp:/iwww.ediss-lyon.fr 11 Avenue Jean CAPELLE INSA de Lyon
S?C' \ Sylwe ROBERJOT 69 621 Villeurbanne
B?}-,AO”'“’; uc;g 232’0“ 1 Tél : 04.72.68.49.09 Fax : 04.72.68.49.16
1€l : 04.72.44.83. emmanuelle.canet@univ-lyon1.fr
INSA : M. LAGARDE
secretariat.ediss@univ-lyon1.fr
INFOMATHS [NFORMATIQUE ET M. Luca ZAMBONI
MATHEMATIQUES Béat. Braconnier
. . . 43 Boulevard du 11 novembre 1918
http://edinfomaths.universite-lyon.fr 59 622 Villeurbanne CEDEX
Sec. : Renée EL MELHEM Tél : 04.26.23.45.52
Bét. Blaise PASCAL, 3e étage lzamboni@maths.univ-lyon1.fr
Tél : 04.72.43.80.46 Fax : 04.72.43.16.87
infomaths@univ-lyon1.fr
. MATERIAUX DE LYON M. Jean-Yves BUFFIERE
Matériaux . INSA de Lyon
http://ed34.universite-lyon.fr MATEIS - Bat. Saint-Exupéry
Sec. : Marion COMBE 17 Avenue Jean CAPELLE
Tél : 04.72.43.71.70 Fax : 04'72'43'87'1‘69 621 Villeurbanne CEDEX
Bat. Direction Tél : 04.72.43.71.70 Fax : 04.72.43.85.28
ed.materiaux@insa-lyon.fr jean-yves.buffiere@insa-lyon.fr
MEGA |MECANIQUE, ENERGETIQUE, M. Jocelyn BONJOUR
GENIE CIVIL, ACOUSTIQUE INSA de Lyon
. . Laboratoire CETHIL
http://edmega.universite-lyon.fr Batiment Sadi-Carnot
Sgc. : Marion COMBE 19, rue de la Physique
Tél : 04.72.43.71.70 Fax : 04'72'43'87'1‘69 621 Villeurbanne CEDEX
Bat. Direction : : en
mega@insa-lyon.fr ocelyn.bonjour@insa-lyon.fr
ScSo ScSd M. Christian MONTES

http://ed483.univ-lyon2.fr
Sec. : Viviane POLSINELLI
Brigitte DUBOIS

INSA : J.Y. TOUSSAINT
Tél: 04.78.69.72.76

Université Lyon 2

86 Rue Pasteur

69 365 Lyon CEDEX 07
christian.montes@univ-lyon2.fr

i [bantsme, Ar
rolIts reserves

yon,

SOBECetTEReE Ftiaie  SoISgE Anthropologie



R

Z INSA

DOCTORAL THESIS

INSTITUT NATIONAL La Région @

DES SCIENCES

APPLIQUEES - A -
APPLIOUEES Auvergne-Rhdéne-Alpes

Institut National des Sciences Appliquées de Lyon
Ecole Doctorale ED s12 — Informatique et Mathématique de Lyon
Spécialité Informatique

presented by
Diana Nurbakova

Recommendation of Activity Sequences
During Distributed Events

Supervisors:  Prof. Sylvie CALABRETI'O  LIRIS - INSA Lyon - University of Lyon

Prof. Jéréme GENSEL Université Grenoble Alpes, CNRS,
Grenoble INP, LIG
Dr. Léa LAPORTE LIRIS - INSA Lyon - University of Lyon

Examination Committee:

Reporters: Prof. Patrice BELLOT Aix Marseille Université, France
Prof. Anne BOYER Université de Lorraine, France
Examiners: ~ Prof. Josiane MOTHE ESPE Toulouse Midi-Pyrénées, France
Dr. Ilya MARKOV University of Amsterdam, The Nether-
lands

13 December 2018

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Thesis advisors: Sylvie Calabretto, Jérome Gensel, Léa Laporte Diana Nurbakova

Recommendation of Activity Sequences During Distributed
Events

ABSTRACT

Multi-day events such as conventions, festivals, cruise trips, to which
we refer to as distributed events, have become very popular in recent
years, attracting hundreds or thousands of participants. Their programs
are usually very dense, making it challenging for the attendees to make
a decision which events to join. Recommender systems appear as a
common solution in such an environment. While many existing so-
lutions deal with personalised recommendation of single items, recent
research focuses on the recommendation of consecutive items that ex-
ploits user’s behavioural patterns and relations between entities, and
handles geographical and temporal constraints.

In this thesis, we first formulate the problem of recommendation
of activity sequences, classify and discuss the types of influence that
have an impact on the estimation of the user’s interest in items.
Second, we propose an approach (ANASTASIA) to solve this problem,
which aims at providing an integrated support for users to create
a personalised itinerary of activities. ANASTASIA brings together
three components, namely: (1) estimation of the user’s interest in sin-

ii
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gle items, (2) use of sequential influence on activity performance, and
(3) building of an itinerary that takes into account spatio-temporal con-
straints. Thus, the proposed solution makes use of the methods based
on sequence learning and discrete optimisation.

Moreover, stating the lack of publicly available datasets that could be
used for the evaluation of event and itinerary recommendation algo-
rithms, we have created two datasets, namely: (1) event attendance
onboard of a cruise (Fantasy _db) based on a conducted user study,
and (2) event attendance at a major comic book convention (DE-
vIR). This allows to perform evaluation of recommendation methods,

and contributes to the reproducibility of results.

iv
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Recommandation de Séquences d’Activités lors
d’Evénements Distribués

REsUME

Les événements distribués, se déroulant sur plusieurs jours et/ou sur plusieurs
lieux, tels que les conventions, festivals ou croisiéres, sont de plus en
plus populaires ces dernieres années et attirant des milliers de partici-
pants. Les programmes de ces événements sont généralement tres denses,
avecun grand nombre d’activités se déroulant en paralléle. Ainsi, choisir
les activités a entreprendre est devenu un véritable défi pour les partic-
ipants. Les systémes de recommandation peuvent constituer une solu-
tion privilégiée dans ce genre d'environnement. De nombreux travaux
en recommandation se sont concentrés sur la recommandation per-
sonnalisée dobjets spatiaux (points d'intéréts immuables dans le temps
ou événements éphémeres) indépendants les uns des autres. Récem-
ment, la communauté scientifique sest intéressée a la recommandation
de séquences de points d'intéréts, exploitant des motifs comportemen-
taux des utilisateurs et incorporant des contraintes spatio-temporelles
pour recommander un itinéraire de points d’intéréts. Néanmoins, trés
peu de travaux se sont intéressés a la problématique de la recommanda-
tion de séquence d’activités, probléme plus difhicile du fait du caractere

ii
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éphémeére des objets a reccommander.

Dans cette thése, nous proposons tout dabord une formalisation du
probléme de la recommandation de séquences d’activités. Dans

ce cadre, nous proposons et discutons une classification des types d'influences
pouvant avoir un impact surl'estimation de I'intérét des utilisateurs dans

les activités.

Ensuite, nous proposons ANASTASIA, une approche de recomman-
dation personnalisée de séquences d'activités lors des événements dis-
tribués. Notre approche est basée sur trois composants clés : (1) l'estimation
de l'intérét d'un utilisateur pour une activité, prenant en compte dif-
férentesinfluences, (2) I'intégration de motifs comportementaux d'utilisateurs
basés sur leurs historiques d’activités et (3) la constrution d’'un plan-

ning ou séquence dactivités prenant en compte les contraintes spatio-
temporelles de l'utilisateur et des activités. Nous explorons ainsi des
méthodes issues de lapprentissage de séquences et de I'optimisation
discréte pour résoudre le probléme.

Enfin, nous démontrons le manque de jeu de données librement acces-

sibles pourlévaluation des algorithmes de recommandation d'événements

et de séquences dévénements. Nous pallions a ce probleme en pro-

posant deux jeux de données, librement accessibles, que nous avons

iv
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congtruits au cours de la thése: Fantasy db et DEvIR. Fantasy db
comporte des données de participation a des événements lors d'une
croisiére, recueillies lors d'une étude utilisateur, tandis que DEVIR réu-
nit des données de participation au Comic Con de San Diego, conven-

tion majeure dans le domaine.
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Introduction

LEISURE ACTIVITIES constitute an important part of our life. Nowa-
days, the offer of activities to undertake is constantly growing. This can
be easily seen not only by the increasing number of social events cre-
ated and promoted on social networks such as Facebook, Couchsurf-
ing, etc., but also by the appearance of specialised online services and
event-based social networks (EBSNG), such as Meetup, Eventbrite, etc.
that aim at organising and promoting social events. Moreover, multi-
day events (e.g. conventions, fetivals, cruise trips, exhibitions), united
around a certain theme and distributed geographically and temporally

(usually, over a couple of days) attract hundreds and sometimes thou-
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sands of participants. We refer to that kind of big events as distributed
events [ 102].

The variety of options offered on such kind of events is their biggest
selling point, and at the same time it makes the decision making pro-
cess on which activities to undertake and in which order more complex.
The participants may then feel overwhelmed by the amount of options
and information. In this Thesis, we aim at assisting the users during dis-
tributed events. In the following, we describe our motivational scenar-

ios and research objectives.

1.1  RECOMMENDATION OF SEQUENCES OF ACTIVITIES: MOTIVATIONAL

ExXAMPLES

The problem faced by the attendees consists in the selection of the ‘best’
items, i.e. the ‘best’ activities to perform. Let us consider two motiva-

tional examples in order to illustrate this user’s dilemma.

1.1.1 MOTIVATIONAL EXAMPLE 1: SELECTION OF ACTIVITIES

Didi is planning her weekend of 2-4 December 2016 (see Fig. 1.1.1).
She has preselected 8 activities that she fancies to do but she struggles
with the selection. When considered and rated individually, all these
activities represent high interest to her (see the five-tar rating given
next to activity names on Fig. 1.1.1). The five-tar rating given next to
activity names reflects interest score of a corresponding activity when
judged independently (see Fig. 1.1.1).

Suppose, Didi’s final choice is to go to Forré Wochenende 2016, hold in

Freiburg, Germany. The independent interest judgement of this selec-
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tionis $(a,) = 5. An alternative option could be to chain other a&ivi-
ties, e.g. &£ = a, — a5 — a, — ag. If we consider that the total inter-
est score of such a chaining equals the sum of its parts, then 5(§) = 2o0.
Even though 5(§) > 5(a,), the final sele&ion is made in favour to a,,
which indicates that not only independent judgements are considered.
One can also note that the activities are overlapping in terms of time
(eg < ayvs.a, >, or < a, vs. others >). This implies that they
cannot be performed all, even if the user would like to, and this ampli-
fies the need for selection. Thus, while reccommending an activity, and

especially a sequence of activities, their time availability should be con-

sidered.

1.1.2 MOTIVATIONAL EXAMPLE 2: CREATION OF PERSONALISED ITINERARIES

Didi is going to Comic-Con International: San Diego. It is one of the
biggest multi-day conventions primarily focused on comic books and
related culture. Each year, it offers about 1,900 events, digtributed over
4-5 days.

Letus have alookat the program of proposed events at the Convention.
Its density is very high. Thus, in order to estimate it (see Fig. 1.1.2),
we divide a day into 15-minute timeslots and calculate the number of
events occurring at each of them. We can see that the number of com-
petitive events is 37 in average, with the maximum of 112. Such dense
variety makes it hard for attendees to select events and organise their
time, so that it would be possible to perform the maximum of the activ-

ities they would enjoy.
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(u1 Forré Wochenende 2016
a,) Spai Carioca Congress

(a;) Chair Move Lesson

(a,) Initiation to Thai Massage
(as) Workshop Cabaret Chant
(aés Forré Intensive Workshop
(a,) Flashmob Noél Rehearsals
(as) Forré Party at L'Origo

Figure 1.1.1: A choice of activities for a weekend during the time frame 1 December 21:00 - 5 December 01:00 (time windows
of their availability). The bar colours indicate categories of activities: yellow - <Dance —Forr6>, orange - <Dance —Samba de
Gafieira>, pink - <Dance —Chair Dance>, green - <Well Being —Massage —Thai>.
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Figure 1.1.2: Heatmap of the overlapping events at Comic-Con 2016 with
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When it comes to the problem of information filtering in order to as-
sist users in the relevant data access by means of suggesting the most
appealing items, reccommender systems appear as a solution. They are

powerful assistance tools in such a decision-making process.

1.2 DEALING WITH RECOMMENDATION OF ACTIVITY SEQUENCES

A desired assistance in the above scenarios would constitute of a sugges-
tion of a personalised itinerary that may help a user by providing orien-
tations during a distributed event (Scenario 2) or proposing an activity
program during a limited time, e.g. over a weekend (Scenario 1). By an
itinerary, we then understand a sequence of activities that a user can
perform, given the limited time of activities, travelling time between
their locations, etc.' Thus, the problem consists in finding an activity
sequence (or itinerary) that maximises the user’s satisfaction with at-
tended events while taking into account the $patio-temporal constraints
that guarantee the feasibility of the undertaken sequence (e.g. limited
availability of events, simultaneous events, travelling time, etc.).

This problematic is of interest of Recommender Systems, and has at-
tracted vivid attention from the research community. Recent works
have thus focused on proposing novel approaches for event [67, 72],
POI [140-142] and trip recommendation [ 139]. However, to the best
of our knowledge, very few effort has been done for recommendation
during distributed events [ 100], and especially itinerary recommenda-
tion.

Creating a personalised itinerary (sequence of activities) is a challeng-

'In the following, we use the notions itinerary and activity sequence interchangeably.
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ing task in a number of ways. First, it has to be noted that the problem
of the recommendation of personalised itineraries has lots in common
with the problem of the Event recommendation that aims at provid-
ing a user with a list of events he/she is more likely to be interested in.
Event recommendation is usually considered as a more complex prob-
lem than item recommendation (such as book or movie) [67]. Indeed,
as events have a short lifetime and must be recommended to users be-
fore they actually occur, no explicit relevance judgements are available,
contrary to item or Point-of-interest (POI)) for which one may have rat-
ings of users that have already buy the item or visit the POI. To handle
this issue, in Event Based Social Networks, researchers have proposed
to consider RSVP as binary indicators of interest. RSVP is the French
acronym for "Répondez s’il vous plait”, meaning "Please, answer”. On
EBSN, RSVP are used by user to indicate their intent to attend an event.
In the literature, event recommendation is usually considered as a top-
k recommendation problem. It can be formulated as a list-wise [67, 89]
or pair-wise [72] ranking problem.

It is to note that the Event recommendation problem is known to be
intrinsically cold-start as it deals with events happening in the future,
implying that no or little user-activity interactions are given [67]. In
case of unique activities, the problem of the recommendation of per-
sonalised sequences of activities (itineraries) faces the same challenge.
Second, aiming at building a feasible sequence of items, various con-
straints should be satisfied, including the limited availability of an ac-
tivity, the time and cost of a travel, etc., which bring the task close to the

Trip recommendation that seeks to build a feasible path over points of

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



interestin a given area for a given user. This also amplifies a higher desir-
ability of a sequence of a&tivities compared to a list of top-k [60]. In the
context of a distributed event, the process to decide which sub-events
or activities to undertake becomes more constrained than in the case of
a traditional event recommendation. Indeed, the amount of a&ivities
may be higher than usual, while activities occur in parallel. Moreover,
the sub-events are unique, short-lived and gathered under the umbrella
of a general theme of the event. Itinerary recommendation thus differs
from single event recommendation [67, 72].

Third, due to the limited availability of a&ivities and their occurrence
at the same time, the act of joining an activity by a user is subject to at-
tendance bias, i.e. joining an activity does not necessarily mean being
interested in it and vice versa. Thus, a user may miss a desirable activity
because of its timing and its competitive activities and in contrast, may
join an activity to fill in the gaps between other activities of his/her in-

terest, as we have shown in [82].

1.3 RESEARCH CHALLENGES AND Q_UESTIONS

In this Thesis, we address the problem of recommendation of activ-
ity sequences during distributed events. We summarise the Main Re-

search Goal of this Thesis as follows.

Provide an integrated support (assistance) for users to create a per-
sonalised itinerary of activities and select events to join, in order to

facilitate their decision making process.

We approach the Main Research Goal by following two directions, namely
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Conceptual and Practical, which we further decompose into research
challenges.

We define the Conceptual research challenge as follows:

Analyse the field of recommendation of sequences of spatial items

for a better understanding, conceptual definition and modelling of

the field.

In order to provide an insight into the field of recommendation of se-
quences of spatial items, and define the problem of recommendation
of sequences of spatial items (RSSI), we identify the following research

questions:

RC1: How to define the problem of recommendation of sequences of

spatial items?

RC2: How is it related to the recommendation of Points-of-Interest

and Event Recommendation?

We define the Practical research challenge as follows:

Provide an integrated framework to address the defined problem.

In order to address the Practical research challenge, we define the fol-

lowing research questions:

RC3: What constitute an integrated model for recommendation of se-

quences of spatial items during distributed events?

« How to provide a user with the best support during a dis-

tributed event via personalised recommendation?
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« How to bridge the users sequential behaviour in their per-
formance of activities during distributed events and a set of
$patio-temporal constraints imposed by the temporary na-

ture of the a&ivities?

RC4: What datasets can be used for evaluation of solution for recom-
mendation of $patio-temporal activity sequences during distributed

events?

« What are the requirements for a dataset for reccommenda-

tion of activity sequences during distributed events?

« How'to create test collections for recommendation of spatio-

temporal activity sequences during distributed events?

1.4 CONTRIBUTIONS & THESIS OUTLINE

On our way to achieve this Main Research Goal, and answer the re-

search questions, the following contributions have been made.

C1 Proposal of a generalised definition of the problem of recommen-
dation of sequences of spatial items RSSI, overview of related
recommendation problems and their solutions, classification of

types of influence used for estimation of user’s interest scores.

C2 Designandimplementation of anew approach for short-term activity
sequence and itinerary recommendation during distributed events,
ANASTASIA [81]. It integrates discrete optimisation methods
with sequence learning methods in order to take into account se-

quential nature of human behaviour and a set of spatio-temporal

10
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Figure 1.4.1: General overview of contributions.

constraints that originate from temporary natures of activities dur-

ing distributed events.

C3 Design and building of test collections that allow us to perform

evaluation of our proposed solution:

C3-1 Fantasy db: a dataset for itinerary recommendation on

board of a cruise [82 ]

C3-2 DEvIR:adatasetfor eventanditinerary recommendation
during distributed events, namely at Comic-Con International:

San Diego [84]

A general overview of the contributions is depicted in Fig. 1.4.1. Thus,
the building of the conceptual background (RSSI) has allowed us to
propose ANASTASIA, an integrated approach for solving RSSI, and to
determine the requirements for the datasets for RSSI that we aimed at
satisfying while creating Fanatsy db and DEVIR, given the lack of avail-
able datasets.

11
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Thesis Roadmap. The Thesis consists of four main parts and is organ-
ised as follows.

Part I presents the conceptual direction of our work. After presentingan
introduction to Recommender systems in Chapter 2, we overview the
existing approaches for the recommendation of spatial items, namely
Point of Interest (POI), Event, and Trip recommendation in Chapter
3. We then introduce the problem of recommendation of sequences of
spatial items (RSSI) and provide a generalised formalisation for it. In
Chapter 4, we review the methodology used for approaching RSSI, and
we discuss the types of influence on the user s interest in items (e.g. geo-
graphical, temporal, textual, etc.) that are used to improve the quality of
recommender systems and propose a classification. Finally in Chapter
5, we survey the available datasets that are used for the recommenda-
tion of spatial items and related fields, and discuss their applicability to
RSSI.

The practical direction of the Thesis is presented in Parts II-IV. Thus,
in Part II, we describe our proposed solution for RSSI, that we call
ANASTASIA. We present the datasets created for evaluation of ap-
proaches to solving RSSI, namely Fantasy db and DEvIR, in Part IIL
Next, Part IV provides experimental results of evaluation of ANASTA-
SIA on the created datasets, and the discussions.

We summarise the conclusions and describe the perspectives and the

dire&ions of future work in Chapter 12.
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1.5 PUBLICATIONS

The contributions made during the work on this Thesis have resulted
in several publications presented at international and national confer-
ences and workshops. We provide a detailed list of the publications to-
gether with the table that summarises them. In the list below, we use
the tags next to a publication that indicate one of the described above
contributions.

1. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.
Recommendation of short-term activity sequences during distributed
events. Procedia Computer Science, 108 (Supplement C):2069 — 2078,
2017. ISSN 1877-0509. doi: 10.1016/j.procs.2017.05.154. URLhttps:
//doi.org/10.1016/j.procs.2017.05.154. International Confer-
ence on Computational Science, ICCS 2017, 12-14 June 2017, Zurich,
Switzerland. C2

2. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.
DEvIR: Data collection and analysis for the recommendation of events
and itineraries (in press). In 52nd Hawaii International Conference on
System Sciences, HICSS 2019, Grand Wailea, Maui, Hawaii, USA, Jan-
uary 8-11, 2019, 2019. (in press) C3-2

3. Diana Nurbakova. Recommendation of activity sequences dur-
ing distributed events. In Proceedings of the 26th Conference on User
Modeling, Adaptation and Personalization, UMAP 2018, Singapore,
Julyo8-11,2018, pages 261-264,2018. doi: 10.1145/3209219.3213592.
URLhttp://doi.acm.org/10.1145/3209219 . 3213592.

4. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.

Itinerary recommendation for cruises: User study. In Proceedings of
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https://doi.org/10.1016/j.procs.2017.05.154
http://doi.acm.org/10.1145/3209219.3213592
http://doi.acm.org/10.1145/3209219.3213592

the Workshop on Recommenders in Tourism colocated with 11th ACM
Conference on Recommender Systems (RecSys 2017), Como, Italy,
August 27,2017, 2017. C3-1
5. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.
Recommandation de séquences d’activités lors dévénements distribués.
In CORIA 2018 - 15th French Information Retrieval Conference., 2018.
C2
6. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.
ANASTASIA : recommandation de séquences d'activités spatiotemporelles.
In CORIA 2016 - 13th French Information Retrieval Conference., pages
325-334,2016. C2
7. Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérome Gensel.
Users psychological profiles for leisure activity recommendation: user
study. In Proceedings of International Workshop on Citizens for Rec-
ommender Systems, CitRec@RecSys 2017, 31 August 2017, Como,
Italy, pages 3:1-3:4,2017. doi: 10.1145/3127325.3127328. URLhttp:
//doi.acm.org/10.1145/3127325 . 3127328.
8. Jie Yang, Ivan Cantador, Diana Nurbakova, Maria E. Cortés-Cediel,
and Alessandro Bozzon. Recommender systems for citizens: the Cit-
Rec’17 workshop manifesto. In Proceedings of International Workshop
on Citizens for Recommender Systems, CitRec@RecSys 2017, 31 Au-
gust 2017, Como, Italy, pages 1:1—1:4,2017. doi: 10.1145/3127325.3177871.
URLhttp://doi.acm.org/10.1145/3127325 . 3177871

The summary of the publications is given in Tab. 1.5.1.
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http://doi.acm.org/10.1145/3127325.3177871
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Table 1.5.1: Publications made during the Thesis.

Contribution Ref.  Contr. type Source name Source Rank
type
ANASTASIA [81] Tech. ICCS-2017 Conf A
DEvIR [84] Data HICSS-2019 Conf A
Thesis Wrap-Up ~ [78]  Proposal ~UMAP-2018 DC (B)
Fantasy db [82] Data RecTour-2017 ~ WorkS (B)
@RecSys-2017
ANASTASIA [83] Tech. CORIA-2018 Conf 0
ANASTASIA [79] Proposal  CORIA-RJC- DC 0
2016
DesIR db [80] Data CitRec-2017 Work$S (B)

@RecSys-2017
CitRec Manifesto [129] Other CitRec-2017 Work$S (B)
@RecSys-2017

Contr. type: In this column, the type of a contribution is given. The following
abbreviations are used: SoA - state-of-the-art and problem formalisation, Data -
dataset, Tech. - solution approach for solving a problem, Proposal - project pro-
posal, Other - other.

Source name: In this column, the names of the conferences, journals, workshops
are given.

Source type: In this column, the following abbreviations are used: Conf - Confer-
ence, Journ - Journal, WorkS - Workshop, DC - Doctoral Consortium.

Rank: If the Type of a publication is WorkS or DC, in the column Rank we provide
the rank of a conference which has hosted the Workshop or Doctoral Consortium
in brackets. In case of a national conference, the country flag is given in column
Rank.

The row colour is used to indicate publications related to the future work (see
Chapter 12).
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Recommendation of Sequences of
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Recommender Systems at a Glance
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RECOMMENDER SYSTEMS are software tools and techniques that aim at

17

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Interaction log _——

top-k items
(ordered list)

/ / /]

item_id |
user_id
value [

I[tems

Figure 2.1.1: General overview of recommender systems.

predicting the user’s preferences or ratings for unknown items in order
to make useful suggestions for users [95]. In this Chapter, we present
a brief overview of recommender systems which serves as an introduc-
tion to recommendation of sequences of spatial items that is the focus

of this Thesis and which we describe in details in the following chapters.

2.1 RECOMMENDER SYSTEMS: OVERVIEW

In this Section, we describe the general overview of recommender sys-

tems and provide a definition of recommendation problem.

2.1.1  GENERAL OVERVIEW OF RECOMMENDER SYSTEMS

Werepresent the general overview of reccommender systemsin Fig. 2.1.1.
The input of a recommender system usually consists of user-item inter-
actions. A recommender system returns a list of top-k unknown items
for a given user as the output. The output items are ordered with re-

spect to the predicted value of utility of items for a given user (or the
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user’s interest in an item, the user’s satisfaction with respect to the item,
etc.).

The following notions are used in the schema presented in Fig. 2.1.1.
Items. Items are the objects related to a certain domain (e.g. books,
music tracks, movies, etc.). Each item may be defined with a set of char-
acteristics.

Users. Individuals that are using a reccommender systems, who may
have diverse characteristics and goals.

Interactions. Interactions are recorded human-system actions, mainly
related to items. Interaction log may contain an explicit feedback the
user has provided for items (e.g. rating). Ratings are the most pop-
ular and the most exploited form of user-item interations in recom-
mender systems [ 1, 95]. Though the interactions may come in various
forms (i.e. numerical, ordinal or binary ratings, unary ratings and im-
plicit feedback), usually, a recommender systems uses only one type of

interactions in order to make its prediction.

2.1.2 RECOMMENDATION PROBLEM

As we have state above, the goal of a recommender system is to pre-
dict the matching between a user and the items, unknown for this user.
In the context of recommender systems, by "unknown’ we understand
items that the user has not interacted with yet, so there is no record on
this user-item interactions in the interaction log of the system.

The rating prediction problem can be seen as a matrix completion prob-
lem. We illustrate it in Fig. 2.1.2. Suppose there is a set of users and a set
of items, in our case, pets (e.g. cat, dog, bird, fish, etc.). The user-item

interactions can then be represented as a user-item matrix, where the
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Figure 2.1.2: llustration of recommender systems as a matrix completion
task.

rows denote users, and the columns denote items, and each cell of the
matrix corresponds to the user’s interaction with the item (in our case,
expressed by like or dislike). Some interactions may be unknown. They
are represented as missing values of the matrix. The goal of a recom-
mender systems is then to fill in the missing values by predicting them.
The latter will allow to answer a question such as “Would the last user
like a bird as a pet?” (a cell with the question mark in Fig. 2.1.2).

More formally, the rating prediction problem can be formulated as fol-
lows [1]: given the set of users Users and the set of items Items, find a
function R, such that for each (u, i) pair it measures the usefulness of

the i € Items for the u € Users, expressed in the form of Rating, i.e.:
R : Users x Items — Rating, (2.1)

where Rating is “a totally ordered set (e.g. non-negative integers or real
numbers within a certainrange)”. Usually, the higher the value of Rating,

the stronger the user’s preference of the item is.
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Once the function R is found, a recommender system may return to a
user a list of items with the highest scores estimated by R. More for-
mally, for each user u € Users, a recommender system should return

suchitem i, € Items that maximises the user’s interest, i.e.:

Vu € Users, i, = argmaxR(u, i). (2.2)
i€ltems

The systems and techniques will mainly differ in the way they estimate
the function R.

2.2  RECOMMENDATION TECHNIQ_UES

Recommender systems are usually classified according to their method
of estimating the user’s interest score in items (function R) into the
following categories [ 1]: (1) content-based recommendation, (2) col-
laborative filtering based recommendation, and (3) hybrid approaches.

We discuss them in the following.

2.2.1 CONTENT-BASED RECOMMENDATION

Content-based recommendation is based on the principle that a user
is more likely to be interested in the items that are similar to the ones
he/she liked in the past. Therefore, the user profiling is needed in or-
der to determine the user’s tastes and preferences. A user profile may
be provided explicitly through explicit statements from the users, e.g.
via questionnaires or initial preferences. Thus, some of the websites re-
quire the initial specification of the user’s preferences while creating an
account. As examples, we can cite Meetup, a popular Event-Based So-

cial Network (EBSN), that requires its users to specify the categories of
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social events a userisinterested in, or Deezer, amusic streaming service,
which asks its users to provide a list of music genres they like.

More formally, let Content(i) = w; be an item profile, representing a
set of features of item i as a m-dimensional ve&or. Let CBProfile(u) =
w, be a user profile that is also represented in a m-dimensional vec-
tor space, where it is defined as a vector of weights CBProfile(u) =
(Wusy Wuas -+, Wyum ). In this representation, each weight w,; denotes the
importance of the element [ for user u. The function R is then defined

as a matching fun&ion between these two profiles, i.e. [1]:
R(u, i) = match(ContentBasedProfile(u), Content(i)).

Various measure can be used in order to estimate the matching. One
of the most commonly used measures is the cosine similarity (e.g. [1,

67]), where:

— —
Wy - Wi

o) = Tl Tl

These methods are called memory-based, as the estimation is performed
based on the entire collection pf previous user-item interactions.

Other types of techniques used in order to estimate the function R are
based on models, and therefore are called model-based. The prediction
funcionis oftenlearned from the user’s past experience with the system
using machine learning techniques. In this case, the assignment of an
interest score can be interpreted as a classification problem.
Content-based methods may give the results with high precision [67,
102], are rather easy to implement and interpret, and moreover, are ef-

ficient in the situation where there is lack of collaborative information,

22

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés


https://www.deezer.com/

so that a recommender algorithm may not rely on other users’ judge-
ments. It should to be noted that content-based methods are efhcient
in order to alleviate the new item cold start problem. Though for a
new added item, there is no interaction information yet, it is possible
to make predictions, if we can represent this item with a vector of fea-
tures. However, this group of methods have certain limitations.

One of the limitations lies in the ‘obvious’ recommendations and an
excessive overspecialisation of recommendation. Thus, given that the
highest scores are acquired by the items that are similar to the ones pre-
viously liked by the user, a system will recommend only similar items,
even if a user may be interested in different types of items. This limits
the diversity of recommendation.

Another issue that arises is related to the new user cold start problem.
The latter consists in the lack of defined user profile for a new user (un-
less it is not specified explicitly by the user), as he/she has not had in-
teractions with items so far. Therefore, a prediction made for this user
will not be precise.

Finally, it is to keep in mind that content-based based require sufhcient
space of features, otherwise it may result in poor user and item pro-
files, which may make items indistinguishable. In order to overcome
this limitations, different dimensions may be considered, e.g. textual
description based profile, temporal profile, category profile, etc.

For more details about content-based approaches refer to [66].

2.2.2 COLLABORATIVE FILTERING BASED RECOMMENDATION

Another group of methodsis based on collaborative filtering. The main

idea of the latter may be expressed as follows: the interest of a given user
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in an item is likely to be similar to the interest to this item expressed
by similar users [ 1]. The similar users are the users who have shown a
similar rating behaviour to the one of a given user. In other words, col-
laborative filtering techniques are based on the rating/usage patterns
extracted from user-item interactions [ 56].

Similarly to content-based methods, collaborative filtering algorithms
can be sub-divided into two classes: memory-based and model-based.
In memory-based collaborative filtering methods, the predicted value
R(u, i) can be defined as the aggregation over the interest scores (rat-

ings) of similar users, i.e.:

R(u,i) = aggru,EfJR(u’, i),

where U denotes the set of the mogt similar users to the user u. The
approaches differ in the way they define aggregation function and the
neighbourhood.

A comprehensive survey on collaborative filtering methods that are based
on nearest-neighbours can be found in [28, 75].

Model-based approaches use the previous interactions in order to build
a model that is then used for predictions [45, 98, 144]. The models
are built over latent factor space. Thus, the recent works have focused
mainly on matrix fattorisation based collaborative filtering [ 52, 59, 102,
139].

The basic idea of matrix factorisation lies in the mapping of users and
items into a joint latent factor space. The user-item interaction are then
represented as inner producs in that space [75]. More formally, let U

be the set of users and I be the set of items. Each i € I is associated
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with a f-dimensional latent vetor g; € R/ and each u € U is asso-
ciated with f-dimensional latent ve&or p, € R/. Bach element of a
user-item interaction matrix r,; can then be defined as the dot product

of the corresponding user and item latent vectors, i.e.:

T
Yui = 4q; Pu-

The parameter learning is performed by minimising the regularized squared
error typically using stochastic gradient descent or least squares method.
Collaborative filtering approaches have high prediction accuracy and
may integrate temporal dynamics, and implicit feedback. The main chal-

lenges arise from data sparsity and cold-start problem.

2.3 CONTEXT-AWARE RECOMMENDER SYSTEMS

Recently, the notions of context-aware recommender systems (CARS)
[2] and time-aware recommender systems (TARS) [ 18] have attracted
attention of the research community.

Contextual information has been shown to play an important role in
recommendation process, allowing to make personalised suggestions
for a user ‘under certain circumstances’ [2]. Thus, it has been reported
that incorporating the contextual information into recommendation
model improves the prediction accuracy of recommendation models
(4,29, 99, 130, 131] and helps to alleviate the cold-start problem [67,
125]. The most typical examples of context exploited in recommender
systems are location and time.

Assuming that the contextual information (denoted Context) is known

and is defined by a set of contextual attributes of various nature, For-
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mula 2.1 of the rating function sought by a recommender system can

then be modified as follows [ 2 ]:
R : User X Item x Context — Rating, (2.3)

where User denotes the domain of users, Itern denotes the domain of
items, and Rating is the domain of rating.

Time-aware recommender systems can be understood as a special case
of context-aware recommender systems, where context is given by tem-
poral dimension [18]. Thus, the predicted function can be defined as

follows:
R : User x Item x Time — Rating, (2.4)

where Time corresponds to temporal dimension.

Various approaches to model contextual information have been pro-
posed by academic researchers. In this Thesis, we consider context to
influence the user’s interest in items. In Chapter 4, we discuss differ-
ent types of influences in details. Here, we limit the description with
the review of the generalised definitions of ratings functions sought by
CARS and TARS. For more details about context and time-aware rec-

ommender systems refer to comprehensive surveys [2, 18].

2.4 SUMMARY

In this Chapter, we have presented a briefintroduction to recommender
systems. We have presented the general recommendation problem for-

mulation and the state-of-the-art categorisation of techniques, namely:
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content-based recommendation and collaborative filtering based rec-
ommendation. We have also provided some pointers for more detailed
reading. In the following chapters, we will focus on recommendation of

sequences of spatial items.
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Alice: Would you tell me, please, which way I ought to go from here?
The Cheshire Cat: That depends a good deal on where you want to get to.
Alice: I don’t much care where.

The Cheshire Cat: Then it doesn’t much matter which way you go.
Alice: ...So long as I get somewhere.

The Cheshire Cat: Oh, you're sure to do that, if only you walk long

enough.

Lewis Carroll, Alice in Wonderland
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Table 3.0.1: Statistics on literature related to Recommendation of sequences
of spatial items.

Source type ‘ <20092009201020112012201320142015201620172018
Conferences (68) 2 3 2 1 3 7 1§ 13§ 12 4
Journals (26) 5 1 1 o 1 2 3 4 § 4 o
Surveys (19) 2 1 1 2 o] 2 S 3 2 o} 1

With the ubiquitous use of mobile devices and the development oflocation-
based systems, personalised recommendation of spatial items has be-
come a crucial direction of recommendation. A spatial item is an item
associated with a geographical location [ 122, 123 ].

In recent years, various research and industry efforts have been under-
taken to deal with the problems of recommendation of spatial items,
resulting in a great variety of notations and problem definitions, lack-
ing unification. Moreover, a rising interest in sequence recommenda-
tions can find its reflections in the field of recommendation of spatial
items. However, the problem of recommendation of sequences of spa-
tial items has not been clearly defined yet. To fill in this gap, we propose
a formulation of this problem as a special case of sequence-aware rec-
ommender systems [90].

In the following sections, we overview the state-of-the-art related to rec-
ommendation of sequences of spatial items. We propose the defini-
tions of the concepts of an activity, and activity sequence. Our original
definitions and formalisations are given in the purple frames. Thus, in
this Part of the Thesis, we are addressing the Main Research Goal from
the Conceptual perspective, constituting our Contribution 1 C1 .
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Table 3.0.2: Number of works by source: top-10 conference and journals.

Conferences Journals
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The work presented in this Chapter, together with Chapters 4-5, is based
upon our review of 94 research articles published mainly in the last six
years in the major selective conferences, journals and workshops, in-
cluding ACM SIGIR, ACM SIGKDD,ACM WSDM, The Web Confer-
ence', UMUAIL, ACM Computing Surveys, ACM TIST, etc. (for more
details, see Tab. 3.0.2). The statistics of the reviewed research papers
with respect to the publication year is given in Tab. 3.0.1. Moreover,
throughout the Part I, we refer to several surveys in order to give more

pointers for a reader.

Roadmap. In this Chapter, we first review the concepts of spatial items
(see Section 3.1). More precisely, we focus on (1) single spatial items,
namely Point-of-Interest (POI), Event and A&ivity, and (2) sequential
items, such as Trip and Sequence. Next, we overview the recommenda-
tion problems of single spatial items and sequential spatial items (see

Sections 3.2-3.3). Based on the explored definitions, in Section 3.3, we

Former WWW Conference
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Figure 3.1.1: Word cloud of reviewed research papers drawn based on titles
and keywords using word_cloud®generator in Python.

define a generalised problem of Recommendation of Sequences of Spa-
tial Items (RSSI) as a special case of sequence-aware recommender sys-

tems [90].

3.1  SPATIAL ITEMS: CONCEPTS AND DEFINITIONS

Numerous research efforts in the field of recommender systems have
been focusing on personalised recommendation of spatial items. This
interest can be visualised in the form of a word cloud depicted in Fig.
3.1.1 which is drawn based on the titles and keywords of the reviewed
research papers”. Thus, we can see that ‘user’, ‘location), ‘travel, ‘sequen-
tial} ‘point of interest, ‘event’ are in the centre of today’s research in the
field of recommender systems.

While investigating the concepts of spatial items within the state-of-

the-art, we came across three distinct yet related notions, namely Point

*We excluded the words “recommendation” and “recommender system”
*word_cloud is a word cloud generator in Python available under MIT license.
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) Do Do

t1
(a) (b) (c)

Figure 3.1.2: Visualisation of (a) POls, (b) events and (c) trajectories with
respect to the same geolocations.

of Interest (POI), Event, and Trip, that are all linked to the notion of
location.

Merriam-Webster defines location as “a position or site occupied or avail-
able for occupancy or marked by some distinguishing feature”. In the

context of recommender systems, a location can be understood as a

geospatial point defined by its coordinates, mainly longitude and lati-

tude. Defining Location-Based Social Networks (LBSN), Zheng et al.

[ 145] give the following definition ofalocation in LBSN: “an instant lo-

cation of an individual at a given timestamp, or a location history that

an individual has accumulated in a certain period™*. Mind that the lat-

ter definition bridges the spatial and temporal dimensions. Based on

the relation to a location (i.e. instant location or location history), we

digtinguish between single spatial items (POI and Event), and sequen-

tial spatial items (Trip).

In order to illustrate the difference between three types of spatial items,

we give a schematic representation of POIs (a), events (b), and trajec-

tories (c) on Figure 3.1.2. Let us suppose, there is a space where we

*For more discussions about Location-Based Social Networks (LBSNs) and recommendation
in LBSNs refer to [ s, 145].
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define seven locations represented as spots on Fig. 3.1.2. For the sake
of simplicity, we consider that a POI can be identified by its location
which we assume to be constant. We represent POIs as spots filled in
with grey on Fig. 3.1.2 (a). The main question one would ask about a
POl is Where?.

Figure 3.1.2 (b) depicts anumber of events. The snapshots for two time
points are given, f, and t,. We use different colours of filling in order
to differentiate between items still available from the previous point in
time (yellow), and items appeared at a given time point (orange). Lo-
cations that do not host any event at a given time are filled in with blank.
It can be noted that depending on time, a set of possible options will be
different. The questions asked about an event are Where? and When?.
When it comes to traje¢tories (see Fig. 3.1.2 (c)), at least two compo-
nents are considered. The time dimension is taken into consideration,
allowing to establish a relation of chronological ordering. Moreover,
trajectories are usually user-related. Thus, in the state-of-the-art, tra-
jectories are usually mined from the users traces [ 146]. The questions
asked about a trajectory are From where To where?, When?, and often
Who?.

In the following, we provide more details about each concept, their def-

initions and representation in the state of the art.

3.1.1 SINGLE SPATIAL ITEMS

PoINT OF INTEREST (POI)

Probably, the most frequently used term in the recommendation of spa-

tial items is a Point of Interest (or POI). The definitions differ in their de-
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tail and generalisation level, as well as in the list of the attributes used to
characterised spatial items. Thus, according to [ 132],a POl isauniquely
identified specific site, while in [ 1 5] it is considered being a subje&ively
interesting attraction that is identified by its “geographic coordinates,
name, radius specifying its spatial extent, and a relevance vector” of nor-
malised scores of POl attribution to a set of categories. A check-in based
definition is given by [135], according to which, a POI is a location
where people have checked in, or according to [20], it is a geo-location
with keywords information. In [91] a POl s defined as “a focused geo-
graphic entity” that can be permanent (e.g. buildings), semi-permanent
(e.g restaurants), temporal or periodic (e.g. locations of an annual fes-
tival). The most generic definition is given by the W3C POI Working
Group, where a POl is seen as “a human construct, describing what can
be found at alocation”, a place that has an exceptional meaning for peo-
ple regarding an activity on that place®. An example of a POl issued
from Foursquare® is given in Tab. 3.1.1. To sum up, we propose the

following definition of a POI:

Definition 1 A Point of Interest (POI) denoted POI is a uniquely
identified geographic entity that represents certain meaning for people re-
garding an action one can perform on that place and is generally charac-
terised by its identifier 1d, namen, and location1,i.e. POI = (id,n, 1),
and may have several additional attributes, e.g. categories, keywords, de-

scription, opening time, etc.

*http:/ /www.w3.org/2010/POI/wiki/Main_Page
Shttps://foursquare.com/v/mini-world-1lyon/s78dcbses98e9417€4d94a93
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Table 3.1.1: Example of POI.

Example 1: Mini World Lyon, Lyon

Identifier,id ~ 578dcb4eq98e9417e4d94a93

Name, n Mini World Lyon

Location, 1 (45.764594, 4.925186)

Description,d  General Entertainment in Vaulx-en-Velin, Rhone-Alpes

Categories,c  venue

Keywords,kw  Mini World Lyon, 3 Avenue de Bohlen, Vaulx-en-Velin, Rhone-
Alpes, mini world lyon, Entertainment

EVENT

The second concept considered in recent works is an event [ 53, 67, 72,
125]. Although it has been extensively used in the context of spatial
items recommendation, surprisingly, most of work do not provide any
definition of the concept of event at all. In practice, we do not have
found many definitions in the literature. In [72 ] an event is understood
as an information item that is valid for a short period of time, while in
[54] it is a phenomenon (that happens over a limited extent in time),
process, state, or transition between situations. Finally, [22] defines it
as a socio-cultural event organised by cultural ingtitutions (e.g. theatre
performances, concerts, festivals, exhibitions, workshops, etc.). As it
can be seen, the main difference with POI lies in the fa& that an event
has a temporal nature, more precisely, a short-term life. It is worth not-
ing that the definitions we mentioned previously mostly provide only
examples, without determining the attributes that characterise an event.
An example of an event taken from Meetup.com” is given in Tab. 3.1.2.

We suggest the following definition:

"https://www.meetup.com/Rocking-Nights-0Out-London-Gigs-Drinks/
events/252975167/
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Table 3.1.2: Example of an Event.

Example 1: Punk Rock Night @177 Bar LONDON Shoreditch

Identifier,id 252975167

Name, n Punk Rock Night @177 Bar LONDON Shoreditch

Location, 1 (5 1.5§31463623046875, -0.08042600005 865097)

Start Time, t, 2018-07-26 T19:30+01:00

End Time, t, 2018-07-27 T21:00+01:00

Description,d  Punk Rock Night @177 Bar LONDON Shoreditch «+What
we'll do Were meeting for the ‘Out of Line’ Punk Rock
Night at "The 177 Bar’ in Shoreditch. If you have never
been or are new to London, “The 177 Bar’ is a great Al-
ternate Rock Bar hosting live bands - Good beer and cock-
tails https://www.facebook.com/Number177barkitchen/ - Live
at Number 177 bar Entry: £5 https://www.fac

Categories,c  Event

Organiser,h  “type”:“Organization”, “name”:“Rocking Nights Out - Lon-
don Gigs & Drinks”, “url”:“https://www.meetup.com/Rocking-
Nights-Out-London-Gigs-Drinks/”

Definition 2 An Event denoted e is a planned occasion that is valid for
a generally fixed short period of time and takes place in a specific location.
Therefore, an event e = (id,n,d, 1, ts, te, h) is characterised by its
identifier id, name n, description d, location 1, start time tg and end
time te, an organiser/host/author b, indicating a user or a group who
has created or hosts the event®. It may also have additional attributes,

such as categories, periodicity, etc.

ACTIVITY AS A NEW TYPE OF SPATIAL ITEMS

The interest of an individual in spatial items is less derived from the lo-
cations holding them, rather than an action that this individual can per-

form at this location. However, we can state that the notions of POI

8In particular, in the case of an Event-Based Social Network.
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and Event described above are very location oriented. Thus in order
to switch the focus from the location to the user’s experience at this
location, in this Thesis, we propose a notion of an activity, which is
a human-centred concept, despite its closeness to the definition of an
event. Moreover, when it comes to human behaviour, the temporality
of an activity is an important attribute, which can be understand as the
duration of an acivity. This notion becomes extremely crucial when
considering the time constraints and chaining activities, as in the con-
text of a distributed event. However, the attribute of duration is lacking
in the definitions of POI and Event.

We propose the following definition of an activity.

Activity

An activity a represents an action that a user u can perform at
some geographically located point during a particular time win-
dow. An activity is, therefore, characterised by its name, location,
the time window of its availability (start and end time), its dura-
tion, a vector of categories associated with the activity, and its de-
scription. It canbe thenrepresentedasatuplea = (id, n, 1, tg, te|
§, ¢, d), where id is the identifier of the a&ivity a, n is its name,
1 is the location where it takes place, ts and t. are the start and
the end time (time window) of its availability respecively, § is the
duration of the activity, ¢ = (c,, ..., Cp) is a vector of categories

associated with the activity, and d denotes its description.

Some examples of attivities are: a conference session, a concert during
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afestival, an entertainment during the holidays, a theatre performance,
etc. More detailed examples of activities are givenin Tab. 3.1.3. The first
example is issued from the program of on board activities of a cruise’,
and the second one is taken from the program of Comic-Con Interna-
tional: San Diego.

It has to be noted that the duration of an activity may be different from
the activity’s life time (i.e. the time interval limited by start and end
time): § < t. — ts.

Aside from these features of an activity that we consider as primary
(ie. being charadteristic to an activity), we distinguish between few
secondary features that have more constraint-like nature. It should be
kept in mind that some of these features may not always be available,
depending on an a&ivity itself or its category (e.g. age restriction may
be more common for leisure activity). We consider the following sec-

ondary features:

« Uniqueness, unique: the quality of an activity reflecting its fre-

quency, that may have the following values:
— unique: an activity happens only once during its limited life
time (time window);

— periodic: an activity occurs after a fixed period of time, e.g.

weekly, monthly, etc.;

— repetitive: an activity occurs multiple times but there is no

period of time specified.

*http://disneycruiselineblog.com/2015/07/personal-navigators-7-
night-eastern-caribbean-cruise-on-disney-fantasy-itinerary-a-june-
20-2015/
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In the last two cases, an activity will be characterised with mul-
tiple time windows and may have multiple locations, e.g. movie

releases in the same or different cinemas.

« Admission Fee, price: the price an attendee has to pay for ad-

mission.

« Maximum Number of Attendees, max_num: the maximum num-

ber of participants due to the limited availability.

. Age Restriction, age: minimum and/or maximum age of an at-
tendee to be allowed for admission (e.g. 18+/21+ for bars and

night clubs).

« Gender Restriction, sex: an ativity reserved for women or men

only.

LetA = {a,, a,, ..., ay | be the set of all available activities, where

N is the total number of activities.

3.1.2 SEQUENTIAL SPATIAL ITEMS

Recently, the attention of the research community has been attracted to

sequential items, i.e. an ordered sequence of items.

TRIP AND TRAJECTORY

Various names are used in the literature to refer to sequential spatial
items, including package, trajectory, story, travel route, trip, tour, visit-
ing sequence, even though their definitions are quite similar. In [135]
a package is defined as a set of multiple POIs with different types, or-
dered by the time of visit. A trajectory is “a sequence of POIs” [20] o,
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Table 3.1.3: Examples of activities.

Example 1: Disney’s Fantasy cruise

Identifier, id
Name, n
Location, 1
Start Time, tg
End Time, t,
Duration, §
Categories, C
Description, d

0001
Sailing Away

Deck Stage

20.06.2015, 16h30

20.06.2015, 17h15

45 min

Characters, Fun For All Ages

It’s time to go Sailing Away! Join Mickey and Minnie along with
Tinker Bell and the rest of the gang as they welcome you aboard
the Disney Fantasy.

Example 2: Comic-Con International: San Diego10

Identifier, id
Name, n
Location, 1
Start Time, tg
End Time, t,
Duration, §
Categories, C

Description, d

1fbg11d60ea1e81dic74e5239e6ffbee

Jaws Will Drop, Sides Will Ache... Super Weird Heroes!
Room 28DE

20.07.2017, 10hoo

20.07.2017, 11hoo

60 min

1: Programs, Art and Illustration, Books, Comics, Costuming, Humor
& Satire

A way-fun, LOL, multimedia show of the kookiest, kraziest, most
bizarro leotard-clad bad-guy-bashers of the Golden Age of comic
books! See the Hand, a giant hand! See Madam Fatale, the
first cross-dressing superhero! See Kangaroo Man (Batman was
taken)! See tons more nutty-cool heroes held up to reverence and
ridicule! Based on the bestselling book Super Weird Heroes (and
its upcoming sequel), this stand-up comedy presentation is by the
former creative director of the Muppets, now the Eisner-winning
editor of IDW and Yoe Books Craig Yoe. Twenty laugh-riot cos-
play changes in all!
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more precisely, any subsequence of the “temporally ordered sequence
of POIs” visited by the user within a given time interval [ 15]. Zheng et
al.[146] define a spatial trajectory as a trace of an obje& moving within
geographical $paces, represented by “a series of chronologically ordered
points” consisting of geospatial coordinates and a time stamp. It can
alsobe understood as “the motion history of moving objects’, asequence
of points associated with temporal and geographical features in a two or
three dimensional space [63]. Yu et al. [135] use the notion of a travel
route that stands for a visiting sequence of the reccommended POls, while
Zhang et al. [139] congtrain this concept in $pace and time, defining a
trip as an ordered sequence of POls that starts at a given source loca-
tion at a given starting time and ends at a given destination location. A
similar definition of a tour is given by [ 42 ], as a sequence of venues with
a particular order of visit that includes a starting point and ending point
specified by a user. From a graph-based perspective, a trip is defined as
anacyclic path on an undirected complete weighted graph which hasiits
origin and detination [ 124]. To wrap up these definitions, we suggest

to use the term Trip and to define it as follows:
Definition 3 A Trip is a chronologically ordered series of spatial items.

AcCTIVITY SEQUENCE AS A NEW TYPE OF SPATIAL ITEMS

In this Thesis, we propose a generalised definition of an activity sequence
or itinerary that brings together the sequential aspect of activity execu-

tion and the feasibility of this sequence.
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(a4

Table 3.1.4: Spatial and temporal constraints.

Constraint

Description

Formulation

Activity availability
constraint

Activity  comple-
tion constraint

Time budget con-
straint

Financial

budget

constraint

Start and/or Desti-
nation constraint

An activity can be joined only during its time win-
dow, i.e. the time when a user starts an activity a(;),
start(a(;)), should be within a time interval of ac-
tivity availability.

Given the activity duration §(a(s)), a user should be
able to accomplish it within its time window. Other-
wise, a user is not able to accomplish the activity.

The time needed to follow all the activities within an
itinerary, including activities duration and travelling
time, shall fit the given time budget Ty.. It may be de-
fined by a user or set with a fixed value (e.g. day time).
The total amount of money needed to attend all activ-
ities within an itinerary should be lower than a given
financial budget. It may be defined by a user or may
be considered as an objective function to minimise.
Priceg.x

An indication of a starting (o) and/or destination
a(s4x) location/activity of an itinerary. It may be de-
fined by a user or a “fake” location/activity may be se-
lected.

ts(a(i)) < Start(a(i)) < te(a(i))

start(aw)+ 8(aw)) < te(aw)

Za(i)eé(u) (time(ag—),am) + 8(aw))) <

max

Y ave(w Price(a;) < Pricepa
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Activity Sequence (Itinerary)

Let A be the set of all available acivities, N be the total number of
activities, Ube the set of users. An Activity Sequence (or Itinerary)
§(u) is a feasible chronologically ordered series of a&ivities for a
given user u € U accounting for the set of constraints, i.e. £(u) =
(ap) = - —> &) = ... = A(s4x)), 4(j) € A, where the num-
bers in brackets in subscripts (1), ..., (s), ..., (s + k) denote the

order of an a&ivity within a sequence,and1 < s < s +k <.

Aswe mentioned in the general overview of the problem of recommen-
dation of sequences of spatial items, constraints play an important role.
In the following, we propose formulations of certain constraints. Mind,
that such formulations bring the recommendation problem close to the
problem formulations issued from the field of Operational Research.
Let start(a(;)) be the time when a user starts an activity a(;). And
let time(a(;_,), a(1)) be the travelling time needed to go from the lo-
cation of the activity a(; _,) to the one of a(;). As he/she may join an
activity a(;) only when it becomes available and once he/she has fin-
ished to perform the previous activity and moved to the location of the
current one, we state:

start(ag)) = max{start(a;_,)) + (au_,) + time(a;_,), an)),
ts(am)}-

We define a set of constraints that consists of the spatial and temporal
constraints, as well as the financial budget conditions. We summarise
them in Tab. 3.1.4. All these conditions should be satisfied in order to

make a sequence feasible.
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Other types of constraints may also be defined depending on the aims
of recommendation, e.g. diversity coverage (i.e. anitinerary should cover

the maximum number of activity categories, or geographical areas).

3.2 RECOMMENDATION OF SINGLE SPATIAL ITEMS

In the previous Section, we have discussed the definitions of spatial items,
namely POI, Event, Trip. Let us now give an overview of the corre-
sponding recommendation problems proposed to deal with various kinds
of patial items.

Similarly to more ‘traditional’ recommendation domains (e.g. movies,
books, etc.), recommendation of single spatial items aims at estimating

unknown (missing) values of user-item interaction [ 1] (see Definition

4).

Definition 4 Let U be a set of users and A be a set of available items. A

recommender system aims at finding a satisfaction function p(u, a; ):
p:UXA—R (3.1)

which characterises the matching between the item a; € A and the inter-
est of the user u € U. The value assigned by the item satisfaction function
to a given item for a given user is referred to as the user’s satisfaction score
regarding this item. A recommender system then returns the highest-rated

items'" for a given user.

Recommender systems differ in the way they estimate the user’s satis-

!!State-of-the-art recommender systems often return a single item or a list of top-n items. How-
ever, without loss of generality, it can be said that the output of a recommender system consists of
the highest-rated items for a given user.
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faction score regarding the items. It should be noted that contrary to
‘traditional’ recommendation scenarios (e.g. recommendation of books,
music tracks, movies, etc.), in case of $patial items the user-item inter-
action is more implicit. Mind that this definition may be extended with

context X,ie. : UX A X X — R[2].

3.2.1 POI RECOMMENDATION

Probably, the most popular and addressed recommendation problem
among problems of recommendation of spatial items is the POI Rec-
ommendation problem. By combining several problem statements from

the literature, it can be defined as follows.

Definition 5§ Let U be the set of users, and P be the set of POIs. Given
a check-in activity dataset D and a user u € U with his/her current
location I and time t, return a list of POIs that he/she would be interested
in [132] at a specific target time [ 138], but that he/she has not visited yet

[65].

Thus, the POI Recommendation problem is usually considered as a
top-k recommendation problem.

The POI Recommendation problem should be distinguished from the
POI Prediction problem that aims at finding a POI a user would visit
next, including already visited places, given a check-in activity dataset,

the user’s current location and time [21, 50, 63 ].

3.2.2 EVENT RECOMMENDATION

The Event Recommendation problem aims at providing a user with a list

of events he/she may be interested in. It is generally formulated as a list-
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wise [67,89] or a pairwise [ 72 ] ranking problem and is often solved us-
ing alearning-to-rank approach. Thus, Macedo et al. define it as follows
[67]: given a user and some contextual information (users” temporal
and geographical preferences, set of groups to join, event content), find
top-n events by maximising the user’s preference score for a set of can-
didate events, while minimising a ranking loss function of dissimilarity
between the actual and generated lists of events. Moreover, if pairwise
preferences are given, the problem can be formulated as follows: givena
set of users and the users’ feedback on past events available in the form
of pairwise preferences within a given time frame, rank a set of future

events w.r.t. users’ preferences [72].

3.3 RECOMMENDATION OF SEQUENCES OF SPATIAL ITEMS

In this Thesis, we are interested in recommendation of sequences of
spatial items. In the context of the recommendation of a sequence of
spatial items, several problems have been defined in the literature. The
most commonly used names for identifying a spatial sequence recom-
mendation problem is are: Trip Recommendation, Travel Package Rec-
ommendation, and Trajectory Scheduling. These problems have been
proposed for different application scenarios mainly in Tourism and are
quite close to each other. They are often formulated as optimisation
problems but mostly distinguished in their objective function.

Thus, according to [ 139], the Trip Recommendation problem consists in
finding an optimal trip route, limited by a time budget, that maximises
the user’s happiness and satisfies POI availability constraints, given a

user, his/her starting and ending points, a starting time, and a time bud-
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get.

Assimilar but demanding more user’s efforts formulation is givenin [ 13 5],
where the Travel Package Recommendation problem is defined as fol-
lows: given check-in records, some travel demands formulated by users,
and the physical constraints for the travel activities, find the appropriate
sequence of locations that satisfies the physical constraints and require-
ments of users.

Such formulations can often be reduced to one optimisation problem,
generally to an extension of the Travelling Salesman problem. In con-
tragt, Brilhante ef al. [15] formulate the twofold Trajectory Scheduling
problem: given a user, a set of POIs, a time budget, a set of trajectories,

a user-POIl interest fun¢tion, a cost fun&ion, and a travel time of each
trajeory, (1) find a subset of all the trajectories limited by the time
budget and maximising a user-POl interest function, and then (2) find
the tour that joints the subset of found trajectories while minimising
the time spent to move from one trajectory to another.

The problem of recommendation of sequences of spatial items may be
considered asa special case of sequence-aware recommender systems (SARS).

A recent comprehensive survey on the latter can be found in [90].

3.3.1  GENERAL OVERVIEW OF THE PROBLEM

M. Quadrana et al. [90] suggest the high-level overview of SARS pre-
sented in Fig. 3.3.1. Given an ordered and usually timestamped log of
the user’s actions which may not necessarily be related to an item (like
in case of the users web search), a sequence-aware recommender sys-
tem returns an order list of items, where the whole list is considered

as a whole, and not as a set of alternatives like in traditional top-k rec-
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Figure 3.3.1: High-level overview of Sequence-Aware Recommendation Prob-

lems [90].

ommendation. The order of the items within the returned list may be

relevant.

We modify the high-level overview of SARS for the case of sequences
of spatial items (see 3.3.2) by specifying the importance of three com-

i

-
time Recommender

Specific computational tasks:
Context adaptation
Trend detection
Repeated recommendation
Consideration of constraints

ponents, namely:

1. Time dimension, namely consideration of the target time for the
output ligt(s) of items, which is depicted in Fig. 3.3.2 as different
output lists with respect to the target time. This is important in
the case of spatial items, as they usually have limited availability
and might be unique. Therefore, given the same historical data,

the output will be different, as the candidate set may vary accord-

ing to the target time of recommendation.

2. Constraints, mainly related but not limited to spatial and time di-
mension, that influence the output. We precise this aspe&, as rec-

ommendation of spatial items is usually very conditioned by the

accessibility and availability of items

48

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Interactionlog User
Context
| NI
/| o
/]
/ / I - |:> Target
/ / ‘||\ = time
/] I =
item_id ||
user_id || Q
action_type |‘ ch | icall
timestamp . —. ronologically
“alug Spatial ltems ,/Q 5\1 ordered list(-s)
N 4/ of items

Constraints

Figure 3.3.2: High-level overview of problems of recommendation of se-
quences of spatial items.

3. Context which is crucial for alleviating the cold-start problem.

INPUT.  Similar to [90], we consider that the input of a recommender
system consists of information about user-item interactions, where each
entry represents a user-item pair of a $pecific interaction type (e.g. user’s
rating of an item, RSVP'?, check-in, review, etc.) and a corresponding
value. Other information may also be provided, e.g. contextual infor-
mation. Though we consider that a timestamp of an action is an im-
portant characteristic of input data, in the case of recommendation of
sequences of spatial items it may not be provided. In the case of times-
tamped check-in data or GPS-tracking data, the items may not be given
explicitly, but usually can be assigned. The order of the input data may

also be relevant.

2RSVP is an acronym for the French phrase “répondez s'il vous plait” meaning “please respond”
that is used to express the user’s intent to participate in an activity. In Event-Based Social Networks
rsvp is usually assigned one of the following values “yes”, “no”, “maybe”
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RESULTING SEQUENCE.  Generally speaking, a system recommending
sequences of spatial items returns chronologically ordered list(-s) of
spatial items. From this result perspective, the following components

are considered.

« Multiple outputs. For the sake of generality, we do not constraint
the output of a recommender system to one sequence. Here, two

cases are considered:

— list of alternatives: a system returns a list of alternative se-
quences. For instance, the method proposed in [98] for the
POIsequence recommendation problem and denoted HCS
provides a user with alist of alternatives on two levels, namely:
categories and POls. In this case, all the alternatives are gen-

erated for the same input and the same target time.

— variations depending on the target time: generation of multi-
ple sequences depending on the target time of recommen-
dation or other criteria. A typical example of a scenario can
be found in tourism domain when creating recommenda-
tions for multi-day trips. Recently, the problem of recom-
mendation for multi-day trips with optimisation of the sat-

isfaction score of ‘the worst tour’ has been addressed in [40].

« Ordering. In case of recommendation of sequences of spatial items,
the order of items within a sequence is often relevant, mainly due
to the time-related constraints and considerations, e.g. limited
availability ofitems, consideration of travelling time between item

locations, etc. Thus, the order of items in a resulting sequence
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may be determined by the feasibility condition of the sequences.

CONSTRAINTS. In the case of recommendation of spatial items, the
feasibility of a returned sequence of spatial items is often subject to vari-
ous constraints, that are mainly related to the limited availability of items,
their accessibility, their location areas, the cost budget (usually in terms

of time), etc. We will provide more discussion later in the paper.

3.3.2 PROBLEM FORMULATION

We propose to precise the formulation of sequence-aware recommen-

dation problem for the case of sequences of spatial items, as follows:

Recommendation of Sequences of Spatial Items (RSSI)

Let U be a set of users and A be a set of spatial items. Let t be the
point in time for which the recommendation is sought. We denote
as Ay C Aaset of candidate spatial items that are available at time
t. Let P(A) be the powerset of A, and N be its power. A candi-
datesequence{= (a(,) — ... = a(g) —+ ... — ap)),whereaj)
€ Arand1 < s < k < Nis then an element of the set of all per-
mutations of the length (k) of P(A¢), ice. £€ Sk (P(Ar)). We de-
note the latter set as E= Sy (P(Ay)).

The problem of recommendation of sequences of spatial items
(RSSI) consists in finding the sequence £* € Z for the target user
(u € U) at target time £, s.t.

£ (u,t) = argmaxo(u, ), Vu € U, (3.2)
1 HSC)
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where o (4, §) , 0 : UXE — Risthe satisfaction function that

returns a satisfaction score for a user u € Uw.rt. a sequence .

The main problem is then to define the satisfaction funtion o (u, §).
To do so different factors are considered within existing algorithms on
both levels, i.e. the level of individual items and a sequence. We discuss
them later in the Chapter 4. It is to note that the feasibility of a result-
ing sequence of spatial items is subject to the set of constraints consid-
ered by an instance of the problem. The considerations constraints is
of a special importance for the case of recommendation od a&ivity se-
quences.

For the sake of generality, we can consider the satisfaction regarding a
sequence of spatial items being a function of satisfactions regarding in-
dividual items, i.e. o (u,§) = £(p (4, a;)), for a; €&(u). The relation
(func&ion) f depends on the computation strategy and factors consid-
ered. In the most simplistic case, it can be defined as the sum of the
user’s individual satisfaction scores regarding all the items within the se-
quence, ie. o (u, &) = wct(u) P (u, a;). Such approachis widely used
in the solutions for the Trip recommendation problem (e.g. [96, 139]).
However, more sophisticated approaches that consider the order and
the transitions between items within the sequence could be suggested.
As suggested by Masthoff and Gatt [ 69], various aggregation functions
can be used to model a satisfaction function of a sequence of items,
which can be considered as a linear combination of satisfactions with

previously experienced items and the impac of a new item.
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3.4 SUMMARY

In the Chapter, we have explored and discussed the concepts related to
recommendation of spatial items, both single and sequential, namely
Point of Interest (POI), Event, and Trip (Trajectory). We have overviewed
the problems of recommendation of single spatial items and sequential
items. We have proposed the notions of Activity and Activity Sequence

as new types of spatial items, which are more human-centred and refle¢t
the temporary and sequential nature of human actions.

Based on our analysis of the state-of-the-art, we have suggested a gen-
eralised definition of the problem of Recommendation of sequences of
$patial items, denoted RSSI, as a special case of sequence-aware recom-

mender systems. This problem is the one we address in the Thesis.
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Le véritable voyage, ce n'est pas de parcourir le désert ou de

franchir de grandes distances sous-marines, c’est de parvenir

en un point exceptionnel ot la saveur de linstant baigne tous

les contours de la vie intérieure.

Antoine de Saint-Exupéry,‘Le Petit Prince”
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In the previous Chapter 3, we have defined the problem of recommen-
dation of sequences of spatial items. In this Chapter, we are reviewing
the methodological approaches that can be used in order to address it.
These approaches have been mainly proposed in the state-of-the-art for
solving the Trip recommendation problem.

Estimation of the user’s satisfaction with items play a central part in rec-
ommendation algorithms. Therefore, in the second part of this Chap-
ter, we are focusing on the types of influence on the user’s satisfaction
with items that have been exploited in the state-of-the-art. We propose

their classification and review the modelling approaches.

4.1 RSSI: METHODOLOGY

The state-of-the-art approaches to solve the problem of recommenda-
tion of sequences of spatial items can be grouped into two main cate-

gories:

1. Two-step methods: The main principle of two-step methods con-
sists in subdividing the initial problem (i.e. the RSSI problem)
into two sub-problems, namely: (1) the estimation of person-
alised scores of single items, and (2) the constru&ion of a result-

ing sequence as a solution for path finding problem, given the
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Figure 4.1.1: Methods used for recommendation of sequences of spatial
items.

scores of each candidate item and the set of constraints to be sat-
isfied. Thus, the sequence building is often performed based on
discrete optimisation methods. The majority of the reviewed ap-

proaches for RSSI follows this methodology [41, 116].

2. Sequence learning techniques: This group of techniques is based
on the extraction of sequential patterns of user behaviour, and/or
the modelling of the impact of past user-item interactions on the

future ones by estimating the transition probabilities between items.

Itis to note, that a majority of the state-of-the-art algorithms for solving
the problem of recommendation of sequences of spatial items exploit
two-step methods that build sequences using discrete optimisation ap-

proaches (see Fig. 4.1.1).

4.1.1  Two-STEP METHOD: SINGLE ITEM PERSONALISED SCORES AND DISCRETE

OPTIMISATION

This group of methods consists in the decomposition of the problem
of sequence recommendation into two sub-problems: the estimation

of single item scores and the sequence construction (e.g. [15, 40, 92,
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Figure 4.1.2: General overview of a two-step method: (1) estimation of per-
sonalised scores, and (I1) schedule construction.
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93,111,119, 124] ). A general overview of the two-step is depicted in
Fig. 4.1.2.

Thus, based on the past user-item interactions and available contextual
information, the approaches first estimate the user’s interest scores in
unseen items. These scores, together with the users and the items at-
tributes (e.g. location, duration, time windows of item availability, etc.)
are then given as input for a discrete optimisation algorithm that con-

structs a feasible sequence that maximises the overall score ofa sequence.

ESTIMATION OF PERSONALISED SCORES OF SINGLE ITEMS. 'The first
step of this class of methods is dedicated to the search for the user’s sat-
isfaction funcion with single items (Eq. 3.1) and the estimation of per-
sonalised scores of single items. The state-of-the-art solutions differ in
a way to define this function and types of influences used for estima-
tion. We give an overview of types of influences further in the paper
(see Seion 4.2). The method used on this step are similar to the ones
used in traditional recommendation domains and can be classified to
memory-based and model-based. It is to note that in the case of event

recommendation and a&ivity sequence recommendation, due to the
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temporary nature of the items which have limited availability, and are
unique (occur only once), there is lack of collaborative information.

Thus, content-based and model-based algorithms are mainly used.

SCHEDULE CONSTRUCTION. When it comes to the schedule construc-
tion problem, multiple variants that consider different constraints and
therefore, various algorithmic approaches to solve them have been pro-
posed and explored in Operational Research (e.g. [44, 116]). A typ-
ical combinatorial problem that have attracted interest of researchers
and practitioners in the context of generating tourist itineraries is called
Orienteering Problem (OP). The main goal is to maximise the score
collected by visiting nodes in a graph, given starting and ending node,
subjec to a cost budget [ 118]. Mind that contrarily to the recommen-
dation settings, the definition of the scores of the nodes, the cost model
(ie. duration of visits) is out of the scope of the schedule generation
problems treated in Operational Research.

However, it is to note that the advances in the field of Operational Re-
search are commonly used in the purpose of recommendation of se-
quences of spatial items. Thus, in the domain of trip recommendation,
the problem of recommendation of sequences of Points-of-Interest (POI)
is usually referred to as Tourist Trip Design Problems [41, 116]. A com-
mon approach to solve it undergoes two main phases, namely: (1) as-
signing interest scores to each item (POI); (2) resolving an instance of
optimisation problem, such as OP [40, 139], Vehicle Routing Problem
(VRP), or Travelling Salesman Problem (TSP) [15, 135]. Extensive
surveys on OP and VRP can be found in [ 17, 44]. The type of an opti-

misation problem depends on the objective functions and the types of
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constraints that are taken into account.

The main advantage of this group of methods is their accounting for
a set of constraints that defines the feasibility of a recommended se-
quence, in particular time-related constraints, such as time availability,
time budget, a&ivity completion etc.

The drawbacks of two step methods are related first, to the computa-
tional complexity of the discrete optimisation algorithms resulting in
heuristic or greedy search which is time consuming. Second, one of the
assumptions of these methods is that the user’s interest scores with the
items are independent, and that the objective function to maximise is
an aggregation of item scores forming a sequence (often a sum) which

may result in schedule overload with the number of items.

4.1.2 SEQUENCE LEARNING TECHNIQUES

Another group of methods relies on sequence learning techniques. Their
applicability can be explained by sequential nature of human behaviour.
However, itis to note that contrarily to the algorithms used for sequence-
aware recommendation in other domains (e.g. music, e-commerce, web
usage, etc.) these methods are exploited less often for the recommen-
dation of sequences of $patial items. One of the possible explanationsis
that these methods do not take into account temporal and spatial con-
straints proper to the spatial sequence recommendation.

Advances in sequential data mining are applied to recommendation of
sequences of spatial items, mainly in order to predict the next location
ofauser or the next POl he/she will visit. Thus, based on the users past
interactions with items, the state-of-the-art sequence learning methods

aim at identify the sequences occurred in the corpus and their frequen-
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cies [ 143]. Based on the obtained transitions, the transition probabil-
ities between items or their categories are estimated. For more details
about sequential pattern mining refer to [73].

The most frequently used sequence learning methods use Markov Mod-
els in order to estimate conditional probabilities of transitions between
items [19, 37, 47, 48, 58, 92, 141, 143]. These models are based on
Markov property and exploit the user’s previous states (e.g. the user’s
visits of locations/POls) in order to establish the dependencies with
the next one. Most of the state-of-the-art algorithms use 1t order Markov
Chains which suffer from fixed and limited transition order. In contrast
to that, [141] propose to use n-th order additive Markov chains which
allows to estimate the impact of n previous states.

Recent works have been exploiting Neural Networks [ 6, 46,74,77,110]
for sequence learning and prediction based on non-linear transitions.
This direGion is in a&tive research.

Itis to note that sequence learning methods are mainly used in the state-
of-the-art on recommendation of sequences of spatial items for solving
the problem of prediction of the next location or next POL They are
able to capture the dependencies between items, and extract user’s be-
havioural patterns. However, their main limitation for recommenda-
tion of $patial items, in particular reccommendation of activity sequences
during distributed events which is very constrained, lies in the fact that
they do not take into account temporal and spatial constraints proper

to the spatial sequence recommendation.
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4.2 'TAXOoNOMY OF TYPES OF INFLUENCE ON USERS INTEREST AND

THEIR IMPLICATION IN RECOMMENDATION

Previously, we have described the methodology used for solving the
problem of recommendation of sequences of spatial items. A we have
stated, the vast majority of existing approaches follows the two-step method,
where firt the estimation of the user’s interest scores in items is per-
formed, followed by the construction of a sequence as the solution of
discrete optimisation problem. In this Section, we are investigating the
types of influences on the user’s interest in spatial items that are ex-
ploited in the state-of-the-art.

Theinterest of an individual in a phenomenon and the satisfaction he/she
gets from it are very complex constructs. They are subject to various
factors or influences. In this Chapter, we survey the types of influence
on user’s interest in a spatial item focusing on sequences of items and
propose a categorisation of types of influence used in recommendation
and discuss their use. First, we present the general overview of our tax-
onomy and we provide more details about the types of influence in the

upcoming Subsections.

4.2.1 GENERAL OVERVIEW

We propose a tree-like taxonomy of the types of influence on user’s in-
terest in a $patial item (see Fig. 4.2.1). We distinguish between 19 types
ofinfluence that we group into five main categories according to the en-
tity they are related to, i.e. item-specific, user-specific, user-user, item-
item, and user-item.

The Item-specific influence is derived from the characteristics of an item
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INFLUENCE

Item-Item
Prerequisite/
Popularity

Figure 4.2.1: Diagram of types of influence

Exclusion

Temporal Rating

LDiversityJ [SequentialJ

itself. It may include its membership to categories (Category), geo-
location (Geographic), time availability ( Time), description (Content),
and Popularity. Lastly, it may also include limited Allowance (due to the
number of people, age, etc.) and Financial aspect (an item providing a
higher gain/reward or being cheaper is more likely to attract a user).
The User-specific influence is derived from the user’s characteristics and
may consist of his/her demographic (Demo) and psychological profile
(Psy).

The User-User influence results from the relationship between users and
may include Social aspect (e.g. “friends”, connections, or similar users,
user’s group membership) and Group of users (e.g. group of people a
user is travelling with).

The Item-Item influence reflects the relations between items. The items
may be considered independent (i.e. joining one a&ivity does not have
dire& influence on any other), or in contrag, there may exist interde-
pendence between items. Here, we consider two types of relation: Pre-
requisite/ Exclusion and Bonus/Penalty. The first introduces two rela-

tions, namely:

. prerequisite: implication of predecessor-follower relation when
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one item requires the achievement of another one;

« exclusion: one item makes impossible to get another one, e.g. no
chaining two and more similar items (eating at the restaurant after
eating at the restaurant) or no sport immediately after having a

meal.

The second implies that chaining items may increase/decrease the sat-
isfaction regarding the last activity when compared to the satisfaction
level of an activity taken as is. For instance, let us consider two activities
‘Infra-red sauna’ and ‘Balinese massage’ The latter has more relaxing ef-
fect and therefore, gives more pleasure when preceded by the former.
Those two relations are not exploited in the state-of-the-art, leavingroom
for future research.

Finally, the User-Item influence covers the interactions between users

and items. It gathers properties related to:

1. the user’s rating behaviour if exists (Rating) that may include fea-
tures derived from the explicit feedback, such as the average rating
provided by a user, the number of his/her ratings, the comments

and reviews left by the user, etc.;

2. sequential patterns (Sequential) revealing the user’s most typical

transitions between items/ categories;
3. diversification of interest (Diversity);

4. temporal patterns (Temporal) reflecting the user’s preferences for

items w.r.t. the hour of a day, day of the week, etc.
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Inaddition, some External factors may also be considered, such as Weather

and Transport (transportation mode).

Table 4.2.1: The use of types of influence for recommendation.
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What kind of influence is exploited in the algorithms of the state of
the art? In order to answer this question, we suggest to explore the
solutions through the lens of aforementioned types of influence. In
this Chapter, we focus on the recommendation of sequences and thus
leave most of the solutions of POI recommendation problem out of the
scope of this Thesis. Table 4.2.1 presents a comparative study of the
type of influence. The columns identify the types of influence utilised
in the state-of-the-art. We have excluded from the table the types of
influence that were not used in the referenced works.

It can be seen that the geographical influence headlines the types of in-
fluence regarding the usage frequency in the existing algorithms. An-
other widely used factor is time availability. In contrast, the temporal
behaviour patterns are less exploited. A number of works make use of
the content information. Another finding is that most of the algorithms
use explicit feedback (e.g. users’ ratings), that is rarely present in the do-
main of mobile crowdsourcing, or leisure activity.

Our comparative study testifies that many types of influence are barely

incorporated into the recommendation process, leaving room for un-
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derstanding human behaviour and for some improvement in recom-
mendation. Thus, one promising avenue, in our opinion, is the exploita-
tion of psychological aspects into recommendation of $patial items. Some
of the recent works ([36, 115, 126]) have made use of the user’s person-
ality in movies and books recommendation. However, to the best of
our knowledge, no work has been done in investigating the correlation
between the user’s personality and the selection of spatial items. Be-
sides, we did not find any work exploiting the item-item relations, and
dealing with limited allowance. These research tracks may be investi-
gated as future research diretions.

In the following subsections we review the techniques for treating dif-
ferent types of influence used in the state-of-the-art recommendation

algorithms.

4.2.2 ITEM-SPECIFIC

As we mentioned before, item-specific influence rises from the features
of items themselves and embraces several types of influence, namely
Geographical, Content, Popularity, Category, Time Availability, and
Financial. In the following, we discuss each of these influences from
the implementation point of view, i.e. how each influence is reflected in

the state-of-the-art algorithms.

GEOGRAPHICAL INFLUENCE

The idea of geographical proximity is widely exploited by various re-
searchers for recommendation of spatial items. The intuition behind
is that geographical influence is related to geographical clustering phe-

nomenon in users’ check-in behaviour [ 134]. It consists of two presup-
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positions: (1) nearby spatial items (POIs) seem to users more appeal-
ing than distant ones; (2) spatial items (POls) that are geographically
closer to the location the user likes are more likely to be visited.

Two common approaches for estimating user’s preference towards a
$patial item based on its geographical location can be distinguished.
The first consists in identifying the areas of user’s interest, usually, cir-
cular areas centered in the spatial items already visited by the user (e.g
[38, 135]). And the second approach is based on the estimation of the
digtribution of user’s mobility patterns (e.g. [67, 98, 141]).
Geographical influence or spatial dependence of users’ preferences to-
wards POIs (in notations of Yu ef al. [135]) can be understood as ge-
ographical proximity of a POI to the starting position of a user. More
precisely, Yu et al. consider a circular area centered at the user’s starting
position as an area of candidate POls.

Macedo et al. [67] explore the distributions of geographic distances be-
tween the events attended by the user in the past to model his/her mo-
bility patterns using a kernel density function (namely, bivariate Gaus-
sian kernel).

A similar approach is used by Sang et al. [98]. They calculate location
similarity as being proportional to the distances between them using
Gaussian distribution.

According to the model proposed by Zhang et al. [141], the attra&tive
force of a location decreases with spatial distance between an already
visited location and a candidate location. More precisely, the authors
compute the haversine distance between location coordinates. Then,

assuming that the spatial distance between two consecutive check-ins
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follows a power-law distribution, the authors define the normalised im-
pact of the spatial distance as the complementary cumulative distribu-
tion of spatial distance.

In order to match workers and tasks on mobile crowdsourcing plat-
forms, Fonteles ef al. [38] introduce a $patio-temporal utility function
that consists of three elements: spatial relevance, temporal relevance
and distance between a location and a user. Note that both spatial rel-
evance and distance represent geographic influence. First, the authors
suggest to divide a geographical space into regions and then identify
user’s areas of interest, i.e. areas where the user has accomplished tasks
in the past. Density-clustering algorithms can be used for this purpose.
The relevance of an area is therefore, the number of tasks accomplished
by the user inside this area. Second, Fonteles et al. suggest to use the
distance between a task location and the user’s current position as a
penalty to the spatio-temporal utility score.

All the algorithms mentioned above deal with outdoor environments.
However, spatial items can also be found in indoor environment. Thus,
Bohnert and Zukerman [ 7] have proposed models of personalised rec-
ommendation of exhibits in museums. They considered three types
of distances between exhibit areas, namely collaborative item-to-item
distance, semantic distance and physical walking distance. They pro-
pose a spatial process model that uses all three measures for calculating
the correlation between exhibit areas [8]. Therefore, in terms of geo-
graphical influence, Bohnert and Zukerman [7] first estimate the phys-
ical walking distance between exhibit areas that is calculated as a nor-

malised length of the shortest path between a pair of spatial items using
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Dijkstra’s algorithm. Second, they model the user’s spatial behaviour

using spatial processes.

CONTENT INFLUENCE

Content-based filtering that makes use of the textual description of an
item is a widely used approach in recommendation that also appears as
promising in the event recommendation [67]. It allows to retrieve the
items with the descriptions similar to the ones the user has previously
interacted with. This may be a crucial factor in the context of the even-
t/acivity recommendation, recurrent events. However, it is less used
in the context of POI recommendation.

A commonly used approach to treat the textual description is a classic
bag-of-words model using TF-IDF representation. Thus, Macedo et al.
[67] use TF-IDF vectors of events and build a user’s profile over TF-
IDF representations of user’s past events weighted by a temporal decay
function, reflecting the temporal distance of events to the time of rec-
ommendation. Cosine similarity is used as a relevance score.

Fonteles ef al. [38] define a description similarity utility function for
task recommendation for workers on mobile crowdsourcing platforms.
They suggest to combine vector space model for a spatial representation
of task descriptions and the TF-IDF technique for defining the weights
of each term in a description. A similarity measure between a vector
of tasks previously accomplished by a user and a candidate task is then
calculated.

Apart the description, the text of user’s review/comments can also be
used. Thus, Zhang et al. [139] define a POI content as the union of

all the bag-of-words representation of comments of all the users who
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have visited this POL This representations are further used as features
to perform collaborative filtering and predict ratings on features.

A semantics oriented approach has been proposed by Bohnertand Zuk-
erman [7] for the recommendation of exhibit areas in museums. In
contrast with the above mentioned approaches, this model uses item
representation that is not based on item description but annotations
performed by experts. The collected annotations were represented as
bag of words and populated using WordNet topics and synonyms [34].
The further treatment is similar to other approaches. Thus, the authors
use TF-IDF vector representation and calculate semantic similarity us-
ing the cosine similarity measure. The semantic similarity is further in-

corporated into the spatial process framework.

PoPULARITY INFLUENCE

The popularity of an item, i.e. how many people like/dislike it, is usu-
ally considered to have a direct impact on its attraction level. Many re-
searchers exploit thisinfluence in their recommendation approaches. A
common approach to estimate item popularity is by counting distinct
user-item interactions.

Brilhante et al. [ 15] compute POI popularity as the number of digtin&
Flickr users with at least one photo taken in the circular region of the
POL

In their hierarchical and sequential model, Sang et al. [98] consider
POI popularity within a category, i.e. the probability of choosinga POI
given its category. Sang et al. assume it to be proportional to the check-
in frequencies under similar user and sensor context (location and time).

Yu et al. [135] develop more the idea of frequency-based popularity
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and consider location popularity being time-dependent. Thus, the au-
thors suggest to estimate location popularity for each month as a weighted
combination of the number of visits of the location in a given month
over the total number of visits and a normalised average rating score.
Moreover, Yu et al. [135] consider the popularity of a travel route in
order to obtain the best route. Thus, the popularity of a travel route is
defined as the average popularity of all POIs within the route.

A more sophisticated approach is proposed by Zhanget al. [ 141]. In or-
der to estimate the attractiveness of a candidate POL, Zhang et al. [141]
suggest to combine its popularity measure and the check-in frequency
from user’s friends. The popularity of a POl is defined as the total num-
ber of check-ins at this POI. The authors then consider the power-law
distribution of popularity.

CATEGORICAL INFLUENCE

Usually, items can be attributed to a category(-ies), a set or class of items
having particular shared properties. This allows to manipulate concepts
on a higher level of abstraction. Categorical influence implies that a
user who likes items of a particular category is more likely to like other
items of the same category. The more often the items of a particular
category appear in the user’s past interactions with items, the more at-
tractive items of this category are for the user. This idea is widely ex-
ploited in recommendation algorithms. Categorical influence is often
estimated as a relative frequency of occurrence of items of a particular
category in a user’s historical data.

Yuetal. [135] consider two levels of categorisation of locations (POIs):

categories and three types (namely, Food, Venue, Entertainment). Category-
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wise user’s preferences is then estimated as a weighted frequency of user’s
visits of locations of a given category over his/her visited locations of a
given type. It has to be noted, that the category-wise user’s preferences
are estimated for different time periods.

In TripBuilder [ 15], categorical preference is considered for each user.
Thus, the preference vector is built as a normalised sum of category rel-
evance vectors of all the POIs visited by a user in the past.

Sang et al. [98] propose a hierarchical POI sequence recommenda-
tion model that has two levels, namely: category sequence and POI
sequence. The model is based on the transition probability between
POIs and POI categories. The transition probability between POI cat-
egories is computed as frequencies of corresponding check-ins under

similar user and sensor context (location and time).

TIME AVAILABILITY INFLUENCE

Another Item-specific type of influence is related to the time availabil-
ity of an item. This influence addresses the issue that an activity or an-
other spatial item is limited in time, and therefore, should not be recom-
mended outside its time window, as otherwise, it cannot be accessed.
This influence is mostly understood as a constrain. As we pointed out
in Secion 4.1, the problem of recommendation of a sequence of items
(activities, POIs) may be divided into two steps: estimation of user’s
preference scores regarding individual items and then itinerary construc-
tion step. The time availability influence is usually taken into account
on the itinerary construcion step [39, 102, 139], which allows to ex-

clude the items that cannot be accessed in a specific time.
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FINANCIAL INFLUENCE

Financial influence implies that the cost of anitem (e.g. admission price,
discounts, etc.), including extra expenses associated with it (e.g. travel
expenses, lodging cot, etc.), has an impact on the attractive force of
the item to a user. Generally speaking, the higher the cost (price) is,
the less attractive is an item. Or the higher the monetary reward is, the
more incentivising an item is. In particular, the latter can be seen in the
domain of crowdsourcing.

Financial influence is not widely exploited in the recommendation. A
possible reason for that is the lack of information about the cost and
user’s expenses in available datasets. However, some efforts of incor-
porating financial influence can be found in the state-of-the-art. Thus,
Fonteles et al. [38] have introduced reward utility score to incorporate
the impact of the reward for a task in a mobile crowdsourcing environ-
ment. The authors propose to use directly the total amount of the mon-

etary reward for a task.

4.2.3 USER-SPECIFIC

User-Specific influence rises from the characteristics of a user. Here, we
consider demographic influence and psychological influence. It has to
be noted that these kinds of influence are not widely used, due to the

lack of such information.

DEMOGRAPHIC INFLUENCE

Demographic characteristics of users may also be used in order to en-

hance recommendation [9-13, 46]. The intuition behind is that de-
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pending on gender, age group, education, marital status, socio-professional
group the preferences of users may differ. It is to note that usually the
demographic information is considered to be explicitly provided by a
user.

Sang et al. [98] consider users’ profile information and suggest to use
two characteristics of a user: gender and residence'. They further cal-
culate the user prior correlation by assigning heuristic scores based on

the combination of correspondence of users’ gender and residence.

PSYCHOLOGICAL INFLUENCE

It has been shown that the affective state or mood of individuals has
an impac on their evaluative judgements [69, 71, 85]. However, as we
mentioned above, to the best of our knowledge, no research has been
reported on the use of psychological aspect in the recommendation of
spatial items. However, it has been shown that users’ psychological pro-
files have an impact on their preferences and item selection in other rec-
ommendation domains, such as books, films, music [36, 115, 126]. In
their model of satisfaction regarding a sequence of items, Masthoft and
Gatt [69] consider an individual’s satisfaction regarding an item and a
sequence of items to be their affetive state. The researchers note that
the intensity of satisfaction does change over time and they introduce
the decay parameter in their model. The authors state that this decay
parameter is likely to depend on user’s personality and item duration,
however, the further modelling of the relation was out of the scope of

their work and, therefore, has not been described.

"Though user’s residence is not a demographic feature, but we mention it in this section as this
information is available in user’s profile, is static and is used by Sang at al. together with user’s
gender.
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Another consideration made by Masthoff and Gatt [69] relates to the
user’s satisfaction within a group of users, and more precisely, to the
notion of conformity (i.e. the influence of judgements by others on
those of an individual). Following psychological research, two com-
ponents of conformity have been observed, namely informational in-
fluence and normative influence. The models of the impact of a new
item on the user’s satisfaction that reflect the informational and norma-
tive influences have been proposed. Those models use influence fac-
tors that can be learnt explicitly (i.e. from a questionnaire). However,
the process of implicit acquisition of the degrees of informational and
normative influences of the judgements of other group members on the
user’s emotions and their relation with individual’s personality have not
been explored yet. Moreover, Masthoff and Gatt [69] have suggested
to incorporate into the model the self-reported initial mood of users
and the parameter of the degree to which the user’s mood influences
his/her judgements. Such setting works in the experiment, however,
more $tudies are needed to be able to implicitly acquire the individu-
als’ mood in order to enhance the recommendation. We consider the
exploration of psychological influence for reccommendation of spatial

items to be a prominent direction of future research efforts.

4.2.4 USER-USER

User-User influence refleéts users’ social interactions and their impact
on the item sele&ion. Here, we consider user’s circle of 'friends’ and
group membership (Social influence), as well as recommendation for

groups of users (Group influence).
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SocIAL INFLUENCE

Insome online services (e. g Meetup.com, Foursquare, Facebook), users
may interact with each other not only by creating "friendship’ relation-
ship with other users but also by means of group membership. Social
interactions may have a strong influence on users’ selection of activi-
ties [67, 134, 141]. The intuition behind is that friends’ are assumed to
share some interests and many activities of human life are social.
Zhang et al. [141] estimate a candidate POI attractiveness for a given
user as a combination of its popularity and the check-in frequency at
this POI from the user’s friends. The social check-in frequency is as-
sumed to follow a power-law digtribution. The social influence is then
defined as the cumulative distribution of the probability density of so-
cial check-in frequency.

In the case of EBSNs, such as Meetup.com, events are organised by
groups. A. Macedo et al. [67] consider two models of social awareness
in the event recommendation, namely group frequency model and multi-
relational model. Group frequency model consists of the calculation of
the event relevance score as the frequency of events organised by the
same group and attended by the target user over his/her all attended
events. In order to take into account more interactions (narnely users-
groups and groups-events), the authors further suggest to use Multi-
Relational Factorization with Bayesian Personalized Ranking (MRBPR)
to reconstruct the user-event relation by considering the user-group and

group-event relations.
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GROUP INFLUENCE

People tend to visit several places (e.g. cinema, restaurants, etc.) and
activities with a group of friends. When it comes to the recommen-
dation for a group of users, the following issues should be considered:
aggregation strategy that allows to find consensus between members of
a group regarding an item selection, relationship between users within
the group, influence of other group members on the preferences of an
individual, privacy of an individual’s attitudes and judgements. Nowa-
days, there has been a bunch of work done in the field of tourism in or-
der to provide high quality POI recommendation for a group of users
(e.g [43,94, 133]). However, this dire&ion has not been widely ex-
plored for the recommendation of sequences of spatial items [49] and
the recommendation of events.

An interesting approach has been suggested by Masthoff and Gatt [69]
who have explored the psychological phenomena of emotional conta-
gion and conformity of an individual’s preferences while in a group.
The researchers propose a model of group influence on an individual’s
satisfaction regarding a sequence of items (TV programs) by introduc-
ing the notions of emotional contagion and conformity. Thus, emo-
tional contagion is understood as the trigger of emotions of others in the
group by an individual’s emotions, while conformity is the act of adjust-
ment of one’s judgements with respect to those of others in the group.
The emotional contagion has then been assumed to be proportional to
the difference between an individual’s satisfaction and those of another
user in the group weighted by the function of the degree of user’s sus-

ceptibility and their relationship with each other user. The influence of
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conformity has been introduced via two forms, namely informational
influence (i.e. trusting in other people’s judgements and adjusting one’s
behaviour accordingly) and normative influence (i.e. adjusting one’s be-
haviour to be liked or accepted by the members of the group).

An interesting finding is that when it comes to the recommendation for
groups, the research works (e.g. [27, 49, 69]) usually suggest to con-
sider users’ psychological profiles such as personality traits, emotional

contagion, Thomas-Kilmann confli¢t resolution styles, etc.

4.2.5 ITEM-ITEM

For the sake of simplicity, the recommendation items are usually con-
sidered being independent. Satisfaction regarding a sequence of items
is then often modelled based on the summation of satisfaction with in-
dividual items. As it was pointed out in [69], a limitation of a linear
approach to satisfaction regarding a sequence of items lies in the fact
that satisfaction is increasing/decreasing with sequence length, and is
“independent of item order” However, several works from psychol-
ogy, economy and decision making domains have shown that the item
order affects the satisfaction individuals get with items. The depen-
dence of the satisfaction with the current item on the previously experi-
enced items (sequence of items) represents a difficulty for acquisition
and evaluation, and is a reason why such relations between items have
notbeen investigated in the reccommendation domain. In order to over-
come this limitation, Gionis et al. [42 ] suggest to ask a user to explicitly

indicate the desired order of the items.
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4.2.6 USER-ITEM

User-Item influence rises from user-item interactions within a system.
We divide this influence into temporal, sequential, diversity, and rating

behaviour.

TEMPORAL INFLUENCE

Time information is considered as an important dimension for user
modelling and recommendation [18]. It is a widely used contextual
information which allows to identify periodicity in user preferences.
However, various works interpret and incorporate the concept of time
in different ways. Discretisation of time dimension finds it reflection in

time $plitting based methods.

TiME sPLITTING.  The intuition behind the time splitting for recom-
mendation purpose is that users tend to perform certain activities and
visit certain places depending on the time. Thus, temporal patterns of
human behaviour can be extracted. A common idea in existing meth-
ods consists in splitting the time axis in order to estimate user’s prefer-
ence regarding particular time slot. The difference then lies in the gran-
ularity level of these splits, e.g. month [135], day of a week [98], part of
aday [135], shorter periods [38, 135]. We assume that the granularity
level depends on the type of spatial items (e.g. POI, event, activity) and
on the duration of an activity/visit.

User preferences towards locations (POls) are considered to be time -
dependent [135]. Yuet al. suggest to divide a day into six timeslots and

build the user preference profiles for location types w.rt. each timeslot.
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The assumption is that people are more likely “to visit the same type of
location in the same time period”.

A similar idea of user’s temporal preferences w.r.t. event attendanceina
certain day of the week and a certain hour of the day is used by Macedo
et al [67]. Temporal partition is also used by Sang et al. [98] in the con-
text of POI recommendation. Based on the relation of adjacence or
correspondence of time intervals, the heuristic scores are assigned to
the time prior correlation. Fonteles et al. [38] suggest to estimate the
temporal relevance of a spatial region (Area of Interest) as the number
of tasks that can be accomplished at the same hour than the task previ-

ously accomplished by the user in this region.

TEMPORAL DECAY The concept of temporal decay of user’s interest
can reflect (1) the importance of the user’s past interactions for esti-
mation of his/her satisfaction with the next items, or (2) the period-
icity in users behaviour. Thus, the check-in data analysis conducted by
Sang et al. [98] has shown that the repetition level in users’ check-in be-
haviour is considerably high. In order to take into account the possibil-
ity of repetitions, the authors introduce the memory retention function
that handles the freshness of a check-in at a particular POI, that decays
immediately after the visit and then recovers.

The idea of the decay of the user’s satisfaction over time has been sug-
gested by Masthoff and Gatt [69] under the concept of emotion wear
off over time. Thus, the researchers incorporate a decay parameter into

the estimation of an individual’s satisfaction with a sequence of items.
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TEMPORAL DIFFERENCE. Another approach to deal with temporal in-
fluence consists in estimating the temporal difference between items.
This strategy is exploited by Zhang et al. [141]. The authors estimate
the attractive force between locations being inversely proportional to
the temporal difference and spatial distance between the two locations,
more precisely to their distributions. The temporal difference between
of consecutive check-ins has been shown to approximately follow a power-
low distribution.

A different understanding of temporal difference between items can
be found in the work by Bohnert and Zukerman [7]. The proposed
model predicts user’s viewing time at exhibits. The authors suggest to
use item-based collaborative filtering to estimate item-to-item similar-
ity between exhibit areas using Pearson’s correlation coefficient. This
collaborative distance is further used in addition to semantic distance

and physical walking distance in the spatial process framework [8].

SEQUENTIAL INFLUENCE

Sequential influence seeks to reveal the behavioural patterns of human
actions, regarding the chaining of activities/visiting places. Thus, the
check-in analysis performed by Sang et al. [98] has demonstrated that
there exist significant category transition pattens in users’ check-in be-
haviour. When dealing with a sequential influence, a common approach
is to retrieve item pairs and estimate transition probabilities between
items and/or group of items.

Sang et al. [98] consider hierarchical tructure of recommendation, i.e.
first, on category level and then, on POI level. Condition probability
based approach has been proposed.
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In order to take into account the correlation among certain locations,
Yu et al. [ 135] extract the frequent location sequences that consist of a
location pair that appear a certain number of times in user’s historical
records. For each pair of POIs an indicator of being a frequent sequence
is then defined.

In order to model the spatio-temporal sequential influence, Zhang et
al. [141] suggest to compute the transition probabilities between loca-
tions in the user’s check-in history based on the frequency of past visits.
Furthermore, assuming that a new location may depend on all the pre-
viously visited POls in a sequence, the authors consider a nth-order ad-
ditive Markov chain to estimate the sequential probability by summing
up the corresponding transition probabilities. The authors then extend
their previous work [ 143 ] by weighting the transition probabilities with
the attractive force between locations.

Sequential influence may also be understood as the impact of the item
order within a sequence. As it was mentioned in [49], the order of $pa-
tial items within a sequence in the context of the Trip recommendation
problem should not be neglected due to the set of constraints, such as
the avoidance of detours, limited availability, financial budget, etc.

The conception of order has also been explored by Masthoft and Gatt
[69] for recommendation of sequences of items (e.g. news stories, video
clips, etc.) for a group of users. Thus, the researchers model an individ-
ual’s satisfaction with a sequence of items by combining the weighted
satisfaction with previously experienced items and the impact of the
new item containing the assimilation parameter that reflects the degree

to which the user’s mood influences his/her judgement. This allows to
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partially take into account the order of items, though more studies are
needed for implicitly mining the assimilation parameter from the user’s

data.

RATING BEHAVIOUR INFLUENCE

The explicit feedback provided by a user may be used for extracting ad-
ditional features characterising his/her behaviour. Examples of such
features are the average rating provided by a user, the number ofhis/her
ratings, the comments and reviews left by the user, etc. This influence
is not exploited in the context of the recommendation of sequences of
$patial items. However, it is used in traditional recommendation sce-

narios, such as movie recommendation [ 126].

Di1VERSITY INFLUENCE

Another type of influence that we consider to be promising to explore
is the diversity of the user’s tastes regarding different attributes of an
item. It can be derived from the explicit feedback provided by a user
(if exists). An example of such a feature can be found in [126]. This
type of influence has not been widely used for the recommendation of

sequences of spatial items.

4.3 SUMMARY

In this Chapter, we have presented the methodological approaches used
in the state-of-the-art in order to address the problem of recommen-
dation of sequences of spatial items. They can be grouped into two

classes, namely (1) two-step methods that sub-divide the problem into
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two main steps: estimation of personalised scores of items, followed
by the itinerary constru&ion step; and (2) method based on sequence
learning that estimate the transition probabilities between items. The
main limitations of the sequence learning based methods lies in the
fact that they do not take into account temporal and spatial constraints
proper to the spatial sequence recommendation. In contragt, the two-
steps methods account for a number of constraints. However, they do
not consider the sequential relationships between items. Thus, a pos-
sible improvement is to build an integrated approach that exploits the
sequential influence, while accounting for spatio-temporal constraints.
We explore this direction in our proposed approach for solving RSSI,
that we describe later in the Thesis.

We have also reviewed the types of influence exploited for estimation of

the user’s satisfaction with items, and have proposed their classification.
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In the previous chapters, we have discussed the problem of the rec-

ommendation of sequences of spatial items and the related concepts.
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We have described different types of influence on user’s interest in spa-
tial items. In this chapter, we are focusing on a more practical side of
the problem regarding the evaluation process of recommendation algo-
rithms. By evaluation, we mean the assessment of the degree to which
arecommendation algorithm achieves its goals and objectives.

In this Chapter, we concentrate on the evaluation of approaches to solve
RSSI. The evaluation of recommender systems in academic research is
often performed offline [90, 113]. In offline setting, the evaluation is
performed without involving actual users. Thus, an assessment proce-
dure is usually conducted on a gtatic dataset (e.g. a snapshot of users
interaction with a deployed system, generated datasets, etc.). An of-
fline evaluation usually consists in splitting the data into training and
test sets, where the training $plit is used for learning a model, while the
test data is used for prediction and model assessment using evaluation
metrics. The effectiveness of an algorithm is then evaluated by measur-
ing the accuracy of the returned results with respect to a ground-truth.
The offline evaluation is a predominantly used evaluation methodol-
ogy for academic research in the field of recommender systems due to
its accessibility, low cost and reproducibility of results, when the test
collections are publicly available. However, offline evaluations ignore
human factor and therefore, ‘good’ results obtained by a recommender
system may differ from real users experience.

Other evaluation methodology include online evaluation and user stud-
ies [106]. Contrarily to offline setting, they imply real-world observa-
tions. Thus, online evaluation is conducted by employing an online

testing system that is used by real users performing real tasks and that
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allows to compare multiple algorithms. The users interactions with the
system are kept and then analysed. This type of evaluation is mainly
used for measuring the impact of a recommender system on users be-
haviour, which is impossible in offline setting. The employment of such
testing system is rather costly and is time consuming. Moreover, it might
be reputation-wise risky for a real world company to launch such an
evaluation directly, as the users may get dissatisfied, resulting in the loss
of attractiveness. For these reasons, online evaluation is usually per-
formed after offline evaluation and user studies.

Like online evaluation, user studies inquiry the participation of the real-
world users, who measure their satisfaction with a system, usually ex-
plicitly [113]. The participants are typically asked to rate their expe-
rience on the returned recommendations, and more rarely particular
aspects of a recommender system. Such evaluation may be performed
in lab environment, where the participants are aware of the experiment
contrarily to real-world environment, where the users provide their feed-
back as part of their use of a system. Importantly, this is the only type
of evaluation that may provide qualitative data [ 106]. Recently, crowd-
sourcing platforms have become a popular tool for conducting such
studies. It is to note, that though this type of evaluation allows to test
the behaviour of users, it is rather costly and time consuming. More-
over, the results might be biased, if the the participants do not represent
properly the true population of users.

In the following, we overview in more details some aspects of oftline
evaluation, namely dataset that can be used for quality assessment of a

recommendation algorithm for RSSI, and evaluation metrics.
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Roadmap. In this Chapter, we first present an overview of existing
datasets that could be used for evaluation of solutions of the problem
of recommendation of $patial sequences. We discuss their applicability
and limitations. Next, we overview the evaluation metrics used in the

state-of-the-art in order to assess the quality of approaches for RSSL

5.1 DATASETS FOR RSSI

Offline evaluation depends alot on the used data. Recently, some of the
datasets used in the state-of-the-art have become available for academic
research. In the following, we describe the existing datasets, publicly
available for use for evaluation of existing reccommendation algorithms.
In this section, we present these datasets and discuss their usability for
assessing algorithms of recommendation of sequences of spatial items.
We categorise the existing datasets into 3 groups w.rt. the recommen-
dation target, i.e.: datasets for single item recommendation; datasets for

schedule constru®ion'; datasets for sequence recommendation.

5.1.1 DATASETS FOR SINGLE ITEM RECOMMENDATION

Datasets for single item recommendation could be used for assessment
of prediction quality of a reccommendation algorithm with respect to
a single item*. Moreover, a sequence may be constructed without con-
sideration of time-related constraints. There is abunch of datasets avail-

able for download that could be used for single item recommendation.

"Here, by schedule construction we refer to the optimisation problems issued from Operational
Research.

*Another reason why we refer to these dataset as ‘for single item recommendation’ lies in the
fact that in the state-of-the-art these datasets have been often used for single item recommendation.
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These datasets are created for evaluation campaigns, such as TREC Con-
textual Suggestion track (TREC CS) [24-26]; or are issued from the
logs of location-based social network (LBSN) and event-based social-
network (EBSN) systems, e.g. Yelp, Twitter, Foursquare, Meetup, and
Flickr.

TREC Contextual Suggestion Track (TREC CS) task is to provide a
ranked ligt of 50 attractions (venues) given a set of users’ profiles and
a set of contexts [24, 25]. The track was run as part of TREC 2012-
2016. The participants of the campaigns of 2012-2014 could choose
as their data source either the open web or the ClueWeb12 dataset. In
contrast, TREC 2015 Contextual Suggestion Track provided the par-
ticipants with the collection of attractions where each entry consists of
an attraction ID, a context ID (city), a URL and a title [76]. Users’
profiles represent users’ past experience of visiting places in a form of
s-point ratings scaled from strongly uninterested to strongly interested.
They can also include some additional information about the user such
as user’s gender and age, as well as left tags. Contexts is the list of cities
that represent user’s locations on the city-granularity level. Each con-
text consists of an ID, a city name, a state and a pair of coordinates.
Moreover, some optional data about the trip may be provided (ie. a
trip type, a trip duration, the season of the trip, the type of group the
person is travelling with).

Few datasets collected from popular LBSNs and EBSNs systems could
be accessed, e.g. i.e., Yelp Challenge Dataset *, Foursquare crawls [127,
128], Twitter crawl [31] and Flickr [ 112], Meetup [64, 67]. Apart from
ofhcial APIs provided by the platforms that can be used to query the

*http://wuw.yelp.com/dataset_challenge
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data, few data colle@&ions used in the recent research works are described
and the links to access the datasets are provided. In the following, we
discuss some of these instances.

For general statistics of the datasets issued from LBSNxs/EBSNs, see
Tab. s.1.1. The main limitation of these datasets for spatial sequence
recommendation is the lack of temporal data. Thus, TREC CS datalack
timestamped user-item interactions, TREC CS, Twitter, Flickr, Meetup
datasets do not contain temporal information about the items (time
availability and service time) nor tour information. As for the Yelp dataset,
only aggregated check-in data is provided, making it difficult to retrieve

the user’s sequences.

5.1.2 DATASETS FOR SCHEDULE CONSTRUCTION

Previously in Chapter 4, we have discussed that a common methodol-
ogy for modelling and solving the problem of RSS1is a two-step method.
It consists in dividing the problem into two phases. On the first phase,
one estimates the personalised scores to each candidate item for a given
user. On the second one, an itinerary is constructed as a solution for
an optimisation problem, such as Travelling Salesman Problem (TSP),
Orienteering Problem (OP), etc.

Therefore, when a recommendation approach uses that methodology,
its second part can be evaluated on the benchmark instances of the cor-
responding optimisation (path-finding) problem. We refer to that sort
ofinstances as Datasets for Schedule Construction. In the context of rec-
ommendation of sequences of spatial items, three big families of opti-
misation problems should be mentioned, namely Travelling Salesman

Problem (TSP), Orienteering Problem (OP) or Vehicle Routing Prob-
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Table 5.1.1: General statistics of the LBSN/EBSN datasets for single item
recommendation.

Dataset Items Users User-Item User- For-
User mat

Yelp Challenge 61,000 366,000 reviews: 1.6mln 2.9mln json

Dataset tips: 500,000

Foursquare 1 3.6mln 266,000 check-in: 33 mln - tsv

[127, 128]

Foursquare 2 tamln  22mln  ratings: 2.8 mln 27mln  dat
check-in: 1 mln

Twitter [31] - 9,475 messages: - dat
377,000

Yahoo Flickr Cre- 249 10,000  photos: 49 mln - s3

ative Commons videos: 103,506

100M [112] usertags: 68 mln

(photos) + o.4

mln (videos)
Meetup 1 [64] 1.8mln  4.1mln  rsvp: 21 mln - csv
Meetup_2 [67] 617,241 567,250 rsUp: 4.2 mln - csv

Yelp Challenge Dataset: http://www.yelp.com/dataset_challenge
Foursquare_1: https://drive.google.com/file/d/oBwrgZ-
IdrTotZoUoZER2ejI3VVk/view.

Foursquare_2: https://github.com/jalbertbowden/foursquare-
user-dataset.

Twitter: http://www.ark.cs.cmu.edu/GeoText/.

Yahoo Flickr Creative Commons 100M: The dataset under the Creative Com-
mons copyright license [112]: http://webscope.sandbox.yahoo.com/
catalog.php?datatype=i. A free Amazon Web Services login is required
for access [105].
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lem (VRP) [17].

The most used family of such optimisation problems referred to in the
recommender system literature is OP (e.g. [39, 40, 102, 119,139]). OP
aims at determining a Hamiltonian path limited by the time budget that
maximises the collected score by visiting vertices. Nowadays, a great va-
riety of extensions of the OP and VRP has been proposed that take into
account various constraints, such as multiple paths and time windows
[109]. OP-based solutions differ from personalised sequence recom-
mendation in ignoring the way the scores of vertices have been calcu-
lated. These scores are considered to be known. Recently, the work of
[121] was the first to address the stochagtic time-dependent orienteer-
ing problem with time windows.

The test instances of OP and its extensions [ 118] are available online®.
This online source consolidates in one place and makes available the
benchmark test instances for a bunch of problems starting with Ori-
enteering Problem itself, that is further extended with (multiple) time
windows (eg. MCTOPMTW - Multi-Constraint Team Orienteering
Problem with Multiple Time Windows [109]), time dependent [120]
and $tochastic variants [ 121], as well as cyclic inventory routing prob-
lem. The best new solutions for Team Orienteering Problem with Time
Windows (TOP-TW) can be found on the web®. Most of the OP-based
instances represent adaptations of initial instances developed by [23]
and [107].

Similarly to OP-based datasets, the testing of routing algorithm can be

*http://www.mech.kuleuven.be/en/cib/op#
Shttp://centres.smu.edu.sg/larc/orienteering-problem-library/
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performed on the VRP-based datasets that are available online®. This
source contains the datasets of VRP and its variants with time windows,
multiple depots, split delivery, periodic variants.

The main limitation of these instances is that they can be used only for
validating one part of a two-step approach, namely schedule construc-
tion, and do not allow to evaluate an approach as the whole. These in-
stances lack users and items information, as in the setting of the op-
timisation path-finding problems, the item scores are supposed to be

known already.

5.1.3 DATASETS FOR SEQUENCE RECOMMENDATION

Datasets for Sequence Recommendation consist mainly of timestamped
geo-located data allowing to extract sequences of users behaviour. These
datasets originate from the interaction logs with the systems (not nec-
essarily recommender systems) [14, 57] or user studies [7, 101-103,
136, 137, 147]. Thus, GeoLife proje& [136, 137, 147] provides data
about users trajectories collected through GPS tracking. TripBuilder
knowledge base [14] uses data from LBSN, enriched with the infor-
mation from external resources (i.e. Wikipedia). Moreover, there are
the wprls reporting their results based on the transaction logs ofa web /-
mobile application designed for a particular event such as Long Night
of Museum and Long Night of Music in Munich [ 101-103 ]. Moreover,
Bohnert et al. [ 7] report their results based on a created application for
museum visit in Melbourne.

Table 5.1.2 provides general statistics of these datasets. These datasets

usually contain timestamped information about user-item interaction

Shttp://wuw.bernabe.dorronsoro.es/vrp/
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Table 5.1.2: General statistics of the datasets for sequence recommendation.

Source Dataset Items Users User-Item User- For-
User mat

Flickr, TripBuilder [14] 1,493 22,646 photos: 355,674 - txt
Wikipedia, trajectories:
Google 55,474
Maps
GPS GeolLife - 182 trajectories: - plt
traces [136, 137, 147] 18,670
User LNMusic & 378 1,907 ratings: 15,965 -
study LNMuseum
[101-103]

Melbourne Mu- 126 14 pathways: -
seum dataset [7] 158 viewing
durations: 8,327

TripBuilder: available for download at: https://github.com/
igobrilhante/TripBuilder.

GeoLife: available for download at: https://www.microsoft.com/en-us/
download/details.aspx?id=52367.

which makes them quite relevant for sequence recommendation. How-
ever, they lack data about the availability time windows of the items
([14, 147]), or are rather small [7]. Moreover, some datasets are not
available for third parties [57] or there is no information about their

availability [7, 101-103].

5.1.4 SUMMARY OF DATASETS FOR RSSI

We summarise the overviewed datasets in Tab. 5.1.3. Based on the data
available they contain, we indicate the Pros and Cons of their use for as-
sessment of the algorithms of recommendation of sequences of spatial

items.
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Table 5.1.3: Summary of available datasets, their use for recommendation of sequences of spatial items, Pros and Cons.

Target Class Sub-class Pros Cons References
Single POI +real-world users behaviour -no time-related information [24-26, 31,
Item about the items 112,128]
Estimation +explicit feedback -no timestamped data
otjp erson- Event +real-world users behaviour -no timestamped data [64,67]
alised -implicit feedback (no data
scores about actual event attendance)
-no time-related information
o about the items
+benchmark instances available  -synthetic datasets [30, 109,
Schedule
construc- Schedule OP-based 118]
tion VRP-based +best solutions available -small size
+time-related information
about the items provided
Sequence Sequence Trajectory/  +real-world users behaviour -no details about the items [14,147]
recom- Trip (only coordinates)
menda- +timestamped data -no time-related information
tion about the items

Note: OP-based: Orientation Problem and its extensions, VRP-based: Vehicle Routing Problem and its extensions.
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5.2  EVALUATION METRICS

The output of an approach for RSSI is a list of items over their set. In
the offline evaluation setting, the assessment of a recommendation ap-
proach is usually performed with accuracy metrics, measuring the de-
gree of matching between a resulting sequence and the ground truth.
If the ordering in the resulting sequence is not important, the standard
accuracy metrics are usually used, similarly to top-k recommendation.
Among the most commonly used accuracy metrics, there are Recall
[15, 102, 141], Precision [141], Mean Absolute Error (MAE) [139],
Root Mean Square Error (RMSE) [139] . Sang et al. [98] have sug-
gested ordered Accuracy and MAE metrics, applied for evaluating the
recommendation of two successive items (POI).

Moreover beyond-accuracy metrics are sometimes used, such as Diver-
sity [135], Popularity [ 15].

Another group of efficiency metric used for assessment can be applied,
when two-step methods are used. In this case, a recommendation al-
gorithm is evaluated with respect to the execution time [15, 139] and

overall collected score [ 15, 40, 139].

5.3 SUMMARY

In this Chapter, we have described evaluation methodology used for
assessing approaches for RSSI. We have presented an overview of the
datasets that could be used for evaluation of approaches for recommen-
dation of sequences of spatial items, identifying their Pros and Cons.

We have also reviewed the evaluation metrics.
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Part 11

ANASTASIA: A Novel Approach for
Short-Term Activity Sequence

recommendAtion

98

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Many activities to do nearby

Too many to join them without a plan

Too many to organise all, don’t deny

Therefore, the need for RecSys to put the spotlight

In the space of features where uncertainties lie.

To find the way to mine them all
To find the way to match them
To find the way to rate them all
And in the sequence bind them

In the space of features where uncertainties lie.

D.Nurbakova, with the special participation of V. Barellon,

November 2015

ANASTASIA: Motivation & Background
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A DISTRIBUTED EVENT is a social event that unites under one umbrella

hundreds or thousands of sub-events distributed in $pace and time [ 102 ],
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providing venues for like-minded people to get absorbed in the uni-
verse of the ideas, concepts, and artforms to the promotion of which
such events are dedicated. Thus, distributed events include multi-day
conventions, festivals, congresses, conventions, etc. Typical examples
of them are comic book conventions like Comic-Con International:
San Diego, Nights of Museums, such as La Nuit des Musées in France
or Lange Nacht der Museen in Berlin or MuseumNacht in Amsterdam,
music festivals like Coachella Valley Music and Art Festival or Pinkpop,
conferences like The Web Conference' or ACM SIGIR Conference,

cruise programs, etc.

Roadmap. In this Chapter, we first present the motivation behind the
creation of a new approach for recommendation of activity sequences
in Section 6.1. Next, in Section 6.2, we provide the problem statement
of the problem of recommendation of activity sequences during dis-
tributed events, which is based on the general problem definition of
RSSI that we have defined in Chapter 3. Moreover, we describe the
assumptions and preliminaries for our proposed solution. We then
present the closest works that have motivated and inspired us in Sec-

tion 6.3.

6.1 MOTIVATION

The programs of distributed events are usually very dense and consist
of multiple short-lived events happening in parallel. In the context of a

distributed event, the process to decide which sub-events or activities

A former WWW Conference.
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to undertake becomes more constrained than in the case of a traditional
event recommendation. Indeed, the amount of activities may be higher
than usual, as activities occur in parallel. Moreover, the sub-events are
unique, short-lived and gathered under the umbrella of a general theme
of the event. Itinerary recommendation thus differs from single event
recommendation [67, 72]. Let us consider two scenarios of organising
time during a distributed event, namely (1) on board of a cruise, and

(2) at a comic book convention.

SCENARIO 1. ACTIVITIES ON BOARD OF A CRUISE.  Scoby is enjoying
his holidays on board of a 7-night Caribbean cruise ship. Every day, he
has to make up his mind which activities to choose among a hundred
offered with the average duration of 45 min. And at every given time,
there are about 5 activities going on. Then, what is the best way to plan

the day in order to get as much fun as Scoby can?

SCENARIO 2. EVENTs @Comic-Con. Didi is going to Comic-Con
International: San Diego. It is one of the biggest multi-day conven-
tions primarily focused on comic books and related culture. Each year,
it offers about 1,900 events of the average duration of 53 minutes, dis-
tributed over 4-5 days. The density of the program (i.e. the number of
simultaneously scheduled events with respect to 15-minute ling times-
lots) is 37, reaching its peak of 112 parallel events. This makes it hard for
attendees to select events and organise their time to be sure, so that it
would be possible to perform the maximum of the activities they would
enjoy.
Examples of activities of each of the scenarios are given in Tab. 6.1.1.
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Table 6.1.1: Example of activities: a cruise on-board activity and an event at
a comic book convention.

Example 1. Activity on board of a cruise: The Comedy & Hypnosis of Ricky
Kalmon [82]

Location: Walt Disney Theatre, | = (o, 880, 0);

Time window: Day 3, 23:00-23:45, t = (1435014000, 1435016700);
Duration: § = 2700;

Categories: Adults, Variety Show

Description: Featuring the Comedy & Hypnosis of Ricky Kalmon, as he en-
tertains you in this adult exclusive show.

Example 2. Event @ComicCon: Jaws Will Drop, Sides Will Ache... Super Weird
Heroes! [78]

Identifier: 1fb411d6oeare81di1c74e5239e6ftbee

Location: Room 28DE

Start Time: 20.07.2017, 10hoo

End Time: 20.07.2017, 11hoo

Duration: 60 min

Categories: 1: Programs, Art and Illustration, Books, Comics, Costuming, Humor
& Satire

Description: A way-fun, LOL, multimedia show of the kookiest, kraziest, most
bizarro leotard-clad bad-guy-bashers of the Golden Age of comic books! See
the Hand, a giant hand! See Madam Fatale, the first cross-dressing superhero!
See Kangaroo Man (Batman was taken)! See tons more nutty-cool heroes
held up to reverence and ridicule! Based on the bestselling book Super Weird
Heroes (and its upcoming sequel), this stand-up comedy presentation is by the
former creative director of the Muppets, now the Eisner-winning editor of IDW
and Yoe Books Craig Yoe. Twenty laugh-riot cosplay changes in all!
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The variety of options offered on such kind of events is their biggest sell-
ing point, and at the same time it makes more complex the choice on
which activities to undertake and in which order. Recommender sys-
tems are powerful assistance tools in such a decision-making problems.
Recommendation of sequences of activities is a challenging task. The
main challenges of the recommendation of activity sequences rely in
the fact that activities are unique, happening in future and short-term.
Thus, every time a user wants to choose an activity to perform, he/she
has to detect an activity he/she may prefer among all the alternatives
happening during the same timeslot, taking into account that he/she
may not be able to join another acivity of interest due to the time avail-
ability constraints. Therefore, the objective is not only to define users’
interest in upcoming events, but to provide per day personal program
(itinerary) of activities. It implies the necessity to recommend activities
with no explicit feedback and any external information (e.g. reviews)
dealing with highly uncertain users’ preferences, and to ensure that a
user will be able to attend all the selected activities on time. We assume
that we have only access to users’ past visited locations and the times-
tamps. This setting is close to the real-world scenario, as the partici-
pants of the distributed event usually do not provide explicit ratings to
all the activities, they have performed. Moreover, the decision making
process that is associated with the selection of activities to perform, es-
pecially in the context of a distributed event (such as a cruise journey

or a participation in a huge convention) is not simple.
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6.2 PROBLEM STATEMENT

The decision-making problem on recommendation ofactivity sequences
during distributed events can be formulated as the problem of recom-
mendation of sequences of spatial items (RSSI problem) (see Chapter
3), where items are represented by activities.

Let Ube a set of users and A be a set of activities (see Section 3.1.1). Let
t be the point in time for which the recommendation is sought. We
denote as Ay C A a set of candidate activities that are available at time
t ie t,(a) < t < t(a),Va € A, where t,(a) and t,(a) define the
time window of availability of the a&ivity a.

Let P(A;) be the powerset of Ay, and N be its power. A candidate se-
quence {= (a(,) — ... = a(g) — ... = a(x)), where a(j) € A¢ and
1 < s < k < Nisthen an element of the set of all permutations of the
length (k) of P(A;), ie. € Sk(P(A:)). We denote the latter set as
E= Sx(P(Ay)).

The problem of recommendation of activity sequences during
distributed events consists in finding the sequence £* € Z for the

target user (u € U) at target time £, s.t.

£ (u,t) = argmaxo(u,§),Vu € U,
teE
where o (u, §) , 0 : UXE — Risthe satisfattion function that returns
a satisfaction score for a user u € Uwirt. a sequence .
A sequence & (u, t) should satisfy the following feasibility conditions:
(1) acivity availability constraint, (2) a&ivity completion congtraint,

(3) time budget constraint, (4) start and/or destination constraint. We
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have provided their definitions in Setion 3.1.2 of Chapter 3.

We make the following assumptions.

1. Unique activities and visits: Each a&ivityis unique and short-term,
i.e., for each activity there exists only one time window defining its
life time. We do not consider periodic attivities, as they are rarely

present during distributed events.

2. Satisfaction with a sequence as sum of its components: The user’s
satisfaction with an entire sequence of activities can be calculated
as the sum of the user’s individual satisfaction scores regarding all

the items within the sequence, ie.: o (1, §) = >, 5, p (11, a:)-

3. Traceability of users: the log of users” past experience that con-
sists of geospatial coordinate sets and timestamps is available. A
binary user-item matrix, reflecting the users’ RSVPs with respect
to the available activities can be also considered as a user-item in-
teraction log. We denote by A, C A a set of past activities of
the user u. This assumption is also due to the information that is

contained in the datasets that we possess.

4. Attend = Like: In compliance of the Traceability of users assump-
tion, we assume to have an access to a user-activity binary ma-
trix. Such user-item interaction may be considered as the users’
implicit feedback to the activities, because we do not have the ex-
plicit ratings of events provided by the users. Thus, we assume
a user 'fo like’ an activity, if there exists a trace (positive value of
attendance) in a user-activity matrix. An assumption commonly

made in the field of event recommendation is that the users’ RSVP
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indicating the intentions in joining events may be considered as a

proxy value of attendance [ 67, 72].

5. Non-stop fun: in the context of users” attendance of a distributed
event, their goal is to get the maximum satisfaction from overall
experience [ 102 ]. Thus, we assume a user to look for an itinerary

filled with activities the entire day.

6. Moving around in space: the travelling time of the users between
locations is a function of distance. We assume that all the users
move with the same constant pace. The distance between loca-

tions can be calculated based on the coordinates set that is known.

6.3 BACKGROUND & RELATED WORK

In this Section we present the closest works, that are [102], [143], and
[117]. They correspond to three axes, namely: recommender systems
for distributed events [ 102], recommendation using sequential influ-

ence [ 143 ], and itinerary constru&ion [117].

6.3.1 RECOMMENDER SYSTEMS FOR DISTRIBUTED EVENTS

A NOTE ON COLLABORATIVE FILTERING AND CONTENT-BASED APPROACHES

In more traditional recommendation scenarios (e.g. books, movies, mu-
sic), the predicion of the user’s interest in an item can be build upon
the interacions of other users, who have similar user-item interation
behaviour to the target user. We illustrate the collaborative filtering
approach in Fig. 6.3.1. Suppose, we aim at finding if the target user

(golden user in the lagt row of user-item interaction matrix) will like
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Figure 6.3.1: Example of estimation of the user's interest in an item (pets)

using collaborative filtering. The prediction is built upon the existing interac-
tions of other users, who have similar interaction behaviour to the target user
(coloured with light green).

a bird as a pet or not. Based on her rating behaviour and the rating be-
haviour of other users, an approach defines similar users (blue and red
in the figure). as both of these similar users do not like birds, then the
prediction for the target user will be also not like:

When it comes to the events or activities that are scheduled for some
moment in future, the user-item interactions have not happened yet at
the time of recommendation (see Fig. 6.3.2). In the figure, we indi-
cate the unknown future interactions with interrogation mark. There-
fore, one of the possible solution approaches is to build user and item
profiles upon a set of features (the second step in the figure), where
user profile is build upon his/her past interacions (the third and fourth
steps). The matching of user and new item profiles is them performed
(the fifth step). based on this matching, the prediction is made. This is

a content-based filtering approach.
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Figure 6.3.2: Estimation of user’s interest scores in activities based on user
and item profiles.

RECOMMENDER SYSTEM FOR EVENT RECOMMENDATION DURING DISTRIBUTED

EVENTS

In [102], Schaller et al. propose a hybrid recommender systems for
events during large festivals organised in Munich, namely Long Night
of Music 2012 and Long Night of Munich Museums 2012. They com-

bine three elements:

1. A Content-based recommender which uses the similarity between
user and event profiles, built over the categories (genres/topics),

where user’s preferences are defined by the user.

2. A Collaborative filtering recommender based on two state-of-the-
art algorithms, namely BLITR [45] and SVD-based [86], which

both use user ratings for events.

3. A Temporal contiguity recommender which exploits the metric pro-
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posedin [101] in order to return “the events that form a compact

route”.

Contrarily to this work, in our approach we do not use collaborative
filtering techniques, as we consider that there are no ratings of future
events, having access to only binary user-item interactions (see assump-
tion Traceability of users). Moreover, this approach returns a list of top-

k events, and not an itinerary.

6.3.2 SEQUENTIAL INFLUENCE

Zhang et al. [143] have proposed to exploit sequential influence for
next-POI recommendation based on a n-th order additive Markov chain.
The sequential probability of visiting a new POI (location) is defined as
a weighted sum of transition probabilities between locations. This lat-
ter is estimated based on a location-location transition graph (L*TG).
Given a set of locations L, timestamped location sequences of user u
S. = (L, 1L, ..., 1,), alocation-location transition graph G = (L, E),
consists of locations L and edges E C L X L, so that: each loca-
tion I; is associated with the value OCount(l;) denoting the number
of locations for which the current node ; is a predecessor within the
user’s sequences; and each edge (I;,1;) € E corresponds to a transi-
tion /; — [; within the user’s sequences and is associated with the value
TCount(1;, 1;) denoting the frequency of this transition.

The transition probability between two locations, denoted TP(I; — ;)
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is then defined as follows:

%W, if OCount(l;) # o
TP(l; — ) = o, if InCount(l;) = o andl; # I;.
1, if InCount(l;) = o andl; = |,

Getting inspired by this work, we have used a similar idea for the estima-
tion of transition probabilities between activities, modifying it for the
case of unique aivities (i.e. unique nodes and visits). Note that this

method does not take into account any feasibility constraint.

6.3.3 ITINERARY CONSTRUCTION

In Secion 6.2, we have identified the set of assumptions and feasibil-
ity constraints. The consideration of such constraints can be modelled
as the schedule construction problem. Among various possibilities of
defining and approaching the schedule construction problem, we have
chosen Orienteering Problem with Time Windows (OPTW) [118].
Given a set of nodes with assigned scores, OPTW aims at finding a path
that maximises the total collected score over visited nodes. The sought
path is constrained by the total time budget, while satisfying the time
availability constraint (i.e. limited time windows of nodes).

Iterated Local Search (ILS) [ 117] isa state-of-the-art algorithm for solv-
ing Team Orienteering Problem with Time Windows (TOPTW). The
TOPTW is an extension of OPTW, that searches for solution for mul-
tiple tours, each limited by the time budget. Therefore, OPTW may
be considered a TOPTW where the number of tours equals one. In
our problem formulation, we are searching for only one itinerary for a

given target time of recommendation. That is why, among OPTW and
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Insert ILS

For each non included visit: R 1

| Determine the best possible insert position and Shift; AL .

| Calculate Ratio; NumberOfTimesNolmprovement « 0;

Insert visit with highest ratio (j); while NumberOfTimesNolmprovement < 150 do

Visit j: calculate Arrive, Start, Wait;

For each visit after j (until Shift == 0):

| Update Arrive, Start, Wait, MaxShift, Shift;
Visit j: update MaxShift;

For each visit before j:

| Update MaxShift;

| while not local optimum do
| | Insert;
| If Solution better than BestFound then
| | BestFound < Solution;
| | R~ 1;
| | NumberOfTimesNolmprovement « 0;
() | Else
| | NumberOfTimesNolmprovement
Shake | | «— NumberOfTimesNolmprovement+1;
| Shake Solution (R, S);
| S« S+ R;
| R« R+1;
| If S>=Size of smallest Tour then
| | S « S - Size of smallest Tour;
| If R==n/(3*"m) then
| | R+ 1;
Return BestFound;

(b) (©)

Figure 6.3.3: Pseudocode of ILS algorithm [117]: (a) ILS insert step, (b) ILS
remove step, (c) ILS pseudocode.

For each tour:

| Delete the set of visits (i => j);

| Calculate Shift;

| For each visit after j (until Shift == 0):

| | Shift visit towards the beginning of the tour;
| | Update Arrive, Start, Wait, MaxShift, Shift;
| For each visit before i:
| | Update MaxShift;

TOPTW formulations, we have seleted OPTW.

ILS is a heuristic algorithm that iteratively searches for a node to be
included in the current path that will maximise the total score of the
itinerary. It consists of two main steps: insertion and shake. During the
insertion step, the algorithm iteratively inserts a node into the current
solution, until the best solution is found (see Fig. 6.3.3 (a)). The shake
step is then applied in order to escape the local optima (see Fig. 6.3.3
(b)). The combination of these two steps is executed, until no more im-
provement in terms of score is achieved (see Fig. 6.3.3 (c)). We present
the algorithm in more details as it is the basis of the itinerary construc-

tion step of our proposed solution, described later in this Chapter.
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ILS: INSERT STEP.

For candidate nodes, a feasibility check is performed to ensure that the
insertion of a new node would not make any already included visit vio-
late its time window constraint. In order to do so, for each vertex already
included in a solution, two values are recorded, called Wait and Shift.

Let a; be the arrival time at node i. Due to the time availability con-
straint, the service at the node (i.e. execution of an activity at the node)
may $tart only when its time window opens, i.e. the soonest at its start
time t,. Thus, the time needed for starting the service at node i after the

arrival is denoted by Wait;. It is defined as follows:
Wait; = max|o, t,(i) — a;]. (6.1)

For each candidate node j, the total time cost needed for it insertion
between nodes i and k is calculated. It is denoted Shift; and is defined

as follows:
Shift; = t(i,j) + Wait; + §; + t(j, k) — t(i, k). (6.2)

Another measure, calculated for each node is MaxShift;. It is defined as
the maximum delay of the service at node i by user (or the maximum

time shift), without making any other visit infeasible, i.e.:
MaxShift; = mint,(i) — start(i), Wait,,, + MaxShift,,] (6.3)

Based on that parameters, the feasibility check of an insertion is defined
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as follows:

Shift; = t(i,j) + Wait; + §; + t(j, k) — t(i, k) < Wait, + MaxShift;.
(6.4)

Moreover, the performance of an a&ivity at node j should fit the time
window of ;.
For each candidate node, the best possible insert position is determined
by selecting the an insert position providing the lowest Shift.
The decision on which feasible node to insert is the made in favour of a
node providing the highest ratio:

-

Ratio; = ——, 6.
atio Shifi (6.5)

where 7; is the score of the node i.

In the above formula, the square of the score is used in order to empha-
sise the higher relevance of the node score over the time cost (Shift) in
the seletion process.

After each insertion, all other nodes within the current solution should
be update. Table 6.3.1 provides formulas that are used to update the
parameters of nodes after the insertion of a new node k in the path be-

tween nodes i and j.
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Node k

Succeeding nodes Preceding node

Comment

Arrivaltime arrive, = s; + 8, + ti

Start of the s = a; + Wait;
visit

Waiting Wait,
time max | o, t,(k) —

1401

Maximum
time shift

Time shift
(time cost)

arrive; = a; + Shift;_,
Sj* = Sj + Shlft/

Waitj = max [o,
Wait; — Sl’llftj_l]

MaxShift- = MaxShift, — MaxShift; = min[t.(i) —s;,
Shlft] Wﬂiti+1+ deShl:ﬁH_l]
Shift; = max [o,

Shift,_, — Wait;]

time of arrival at node
time of start (be-
ginning) of service
at node, ie. start of
performing an activity
time of waiting the
opening of the node, if
arrived in advance
maximum time that
the start of activity
execution may delayed
time cost of the iser-
tion of node

Table 6.3.1: Formulae of parameter updates after the insertion of a new node k in the path between nodes i and j.
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Figure 6.3.4: lllustration of parameters used in ILS. The following notations
are used: a - arrival time, s - service start time, f; - opening of the time win-
dow, t, - closing of the time window,

Figures 6.3.4-6.3.5 provide illustrations of parameters used in ILS. In
Fig. 6.3.4, node i is represented with respect to the time window of its
availability (£, £,) as a white oval. The arrival time at node i is symbol-
ised with the a green cross and denoted a. As the arrival time is within
the time window, the visit of the node may start immediately after ar-
rival. Thus, the start time denoted s is equal to a. The visit of the node
or in other words service at the node i is represented as a black oval. Its
length corresponds to the duration (service time) of i, denoted 8.
Now, let suppose that the node i is followed by node j (see Fig. 6.3.5).
After performing an a&ivity at node i (black oval in i row), the user trav-
elstonodej (blue dotline). The travel takes time (i, j). The userarrives
before the opening of node j (green cross before the white oval in jrow),
a;. Therefore, he/she has to wait till the node becomes available (yellow
dot line) during time Wait;. Once the node is available t(j), the user
can start performing activity at that node at start time s;. The start of the
visit may be shifted (delayed) for the time MaxShift(j) (grey oval with
dotted line), in this case corresponding to the total availability time of
node j, i.e. MaxShift(j) = t.(j) — s;.
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Figure 6.3.5: lllustration of parameters used in ILS. The following notations
are used: a - arrival time, s - service start time, f; - opening of the time win-
dow, ¢, - closing of the time window, Wait - waiting time, MaxShift - maximum
time shift, t(i,j) - travel time between nodes i and j, § - activity duration/ser-
vice time.

ILS: SHAKE STEP.

The shake step consists in perturbation of the solution obtained as the
result of the Insert step. It is used in order to escape the local optima.
The main idea is to remove one or more nodes from the solution, de-
fined by two parameters, namely: Ry denoting the number of consec-
utive visits to remove, and S; denoting the node within the solution to
start the removal. For the removal, the path is considered to be cyclic.
Thus, if while removing the nodes, the last node of the solution is reached,
then the removal process continues from the beginning of the solution
path.

After the removal, all the nodes succeeding the removed ones get shifted
towards the beginning of the path for avoiding the increase of waiting
time at nodes. If the shift is not possible due to the time window of a
node, then its visit remains unchanged, as well as the succeeding nodes.

For the nodes succeeding the removed ones, the update procedure is
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performed, similarly to the Insert step. For the preceding nodes, only
MaxShift gets updates.

Our proposed approach ANASTASIA at its final step of itinerary con-
struction is based on the original ILS algorithm. We suggest a modifi-
cation of the ILS by introducing a weight of node scores to be included
in the path.

6.4 SUMMARY

In this Chapter, we have presented the motivation behind the design
of a new approach for recommendation of activity sequences during
distributed events. We have presented the problem statement, precis-
ing the set of assumptions and feasibility constraints for a returned se-
quence. We have described the background of our proposed solution.
In the following Chapter, we describe our approach for recommenda-

tion of a&tivity sequences during distributed events, ANASTASIA.
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Many activities to do nearby

Too many to join them without a plan

Too many to organise all, don’t deny

Therefore, the need for RecSys to put the spotlight

In the space of features where uncertainties lie.

To find the way to mine them all
To find the way to match them
To find the way to rate them all
And in the sequence bind them

In the space of features where uncertainties lie.

November 2015

ANASTASIA: Approach Description
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This Chapter provides a description of ANASTASIA: A Novel Approach
for Short-Term Aivity Sequences and Itinerary recommendAtion.
We have precised the addressed problem, providing a set of assump-
tions and sequence feasibility constraints that we take into account, in
Section 6.2 of the previous Chapter.

ANASTASIA is a hybrid approach as on the one hand, it follows a two-
step methodology for solving the problem of recommendation of ac-
tivity sequences during distributed events, and the other hand, it makes
use ofideas of the transition probabilities between activities issued from
the sequence learning methods (see Section 4.1 of Chapter 4). Thus,
we treat separately the estimation of personalised scores of activities,
measuring the user’sinterest (or satisfation) in activities, and the itinerary
construction. At the same time, based on the user’s past interactions
with activities, we estimate the transition probabilities between future

activities. In the following, we will present these three parts of ANAS-
TASIA.

Roadmap. In this Chapter, we first give a general overview of ANAS-
TASIA. Then, we present its three parts. Thus, in Section 7.2 describe
the computation of personalised scores of activities with respect to

three dimensions (influences), namely: categorical, textual and tem-
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Figure 7.1.1: ANASTASIA: General overview. Part |: Computation of person-
alised scores of activities. Part II: Extraction of user's behavioural sequences.
Part Ill: Itinerary construction.

poral. Their description is followed by the presentation of two com-
putational strategies. Next, in Section 7.3, we present the estimation
of sequential influence for the construction of a personalised itinerary,
which consists in estimation of transition probabilities between activ-
ities. We then describe an iterative algorithm to construc¢t an itinerary
which uses personalised scores of activities and the transition probabil-
ities (Section 7.4). A summary on the proposed approach concludes

the Chapter.
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7.1 GENERAL OVERVIEW

We propose an integrated solution for the problem of recommendation
of a&ivity sequences, called ANASTASIA. It exploits the users’ inter-
ests, sequential influence, spatial and temporal constraints. It consists
of three main parts: I. Computation of personalised scores for each ac-
tivity. II. Extraction of user’s behavioural sequences. 3. Itinerary con-
stru®ion using data provided by the previous steps. A general overview
of ANASTASIA is presented in Fig. 7.1.1.

In the first part, based on the user’s interactions with past activities, ANAS-
TASIA estimates the user’s interest scores with future activities. The es-
timation is performed with respect to three dimensions exploring three
types of influence, namely: categorical, textual, and temporal.

In Part IT of ANASTASIA, we estimate the transition probabilities be-
tween future a&ivities, based on the user’s historical data.

In the third part, given the estimated scores and transition probabilities,
we iteratively construct an itinerary (activity sequence) that satisfies the
set of constraints.

In the following, we describe each of these parts.

7.2 PART I. COMPUTATION OF PERSONALISED SCORES

One of the key characteristics of activity/event recommendation is the
lack of collaborative data. This lack originates from temporary nature
of a@ivities. Therefore, we consider content-based methods to be more
adapted for recommendation of activity sequences during distributed

events.
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In the following, we present a user-specific model of the calculation of
three scores, namely categorical, textual and temporal that are further
used as components for the prediction of the final score. We focus on
these three dimensions of the score, as they constitute the main attributed

of an a&ivity (see Section 3.1.1).

7.2.1 CATEGORICAL INFLUENCE

Belonging to a category or a list of categories is one of the main charac-
teristics of an activity. Keeping in mind the uniqueness of activities, we
consider the categorical influence to be the most discriminating factor
in selection of activities by an individual.
The basic idea in using categorical influence is that the more activities
of a certain category a user performs, the more likely this user will con-
tinue to join the activities of this category. Thus, we seek to construct a
categorical score that would represent the user’s interest with the activ-
ity categories.
More formally, let C| be the set of a&ivity categories. We then repre-
sent each acivity with respec to its category belonging as a1 x |C|-
dimension vector that we denote a_. This vector is built so that the i
component of the vector is assigned the value |C(1—a)\’ if the activity be-
longs to the category C;, and zero, otherwise, i.e.:

(i) = m, if a € C, |

o, otherwise

where |C,| denotes the number of categories that the activity a is as-

signed to.
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In the case where the categories form a hierarchy, we modify the afore-
mentioned representation as follows. We decompose the set of activ-
ity categories C into two groups, namely: ‘main’ categories and ‘other’
categories’ categories. Main categories unite attivities into the groups
of high-level abstraction, or in the case of categories with hierarchical
structure, those which are on the top of the hierarchy. We denote this
subset of categories as C,,qin. We denote other categories by Cogers.
We represent each activity as a1 X |C|-dimension vector a;, where
a value 1 is assigned to the i component of the vector, if an activity
.

belongs to a main category C;, Coron(@)]

thers(@)] if an activity belongs to another

category, and o otherwise, i.e.:

1, if a € Ciand C; € Coain,
Glc_;t(i) = m, lf ac Ci and Ci - Cothersn

o, otherwise

where |C,ers(a)| denotes the number of other categories that the activ-
ity a is assigned to.

We then model a category-based user profile as follows:

1

Ucat -— aZgducA, (( X acat)7

1+ a)f(“)

where agg denotes an aggregation operator (we used the mean in our
experiments), a.; is a category vector of an a&ivity 4, a is a time decay
fator (weseta = o.o1similarto [67]),and 7(a) returns the number of
years between the current a&tivity and the user’s past activities, if exists.
Generally speaking, such representation of the user’s profile reflects the
weighted frequency of the categories of the activities performed by the
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user in the past, while taking into account the different impact of the
user’s past experience with respect to the time. The weighting wr.t. the
time is used for differentiating the influence of the past interactions ac-

cording to their oldness-freshness.

CATEGORICAL SCORE BASED ON FREQUENCY. Given a user # and an
activity a, we then estimate a categorical score of an activity as the sum
of the components of the user categorical profile corresponding to the

categories of the activity g, i.e.
Teat(a,u) = ugy - Z{a € C}, (7.1)

where Z{a € C} is a vector, each component of which is a binary in-

dicator that an activity a belongs to the i category.

CATEGORICAL SCORE BASED ON SIMILARITY. Another possibility is
to calculate the category-based score as a similarity measure between a
category vector of an upcoming activity a and the user category profile,

ie.:

;'cat(ua a) - COS(U;;t, ac_:zt)a (72)

where cos(- , - ) denotes the cosine similarity between vectors that we

use as a similarity measure.

7.2.2 TEXTUAL INFLUENCE

Each activity is chara&terised by its title and may have a textual descrip-

tion. Based on that textual information, we represent each activity using
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TF-IDF (term-frequency inverse document frequency). TF-IDF func-

tion is defined as follows [104]:

n
tfidf(w, d;) = tf(w, d;) ¥ logm,
where tf(wy, d;) denotes the frequency that the term wy occurs in d,
df(wyi) denotes the number of documents in the corpus in which the
term wy. occurs (also known as document frequency), and n is the total
number of documents. In our case, a ‘document’ consists of activity’s
title and description, and the total number of documents correspond
to the total number of a&tivities, i.e. n = N. Thus, for each a&ivity we
obtain a vector that we denote 4.
We then build the positive and negative user profiles. The intuition be-
hind the construction of the positive user profile, built over the past ac-
tivities performed by the user, lies in the assumption that a user is more
likely to be interested in activities that are similar to those he/she has
performed in the past.
In contrast, the intuition behind the construction of the negative user
profile, which is built over the past activities not performed by the user,
is that the activities forming it are of less interest for the user. Therefore,
the new activities which are similar to those will also represent less in-
terest for a user. Consequently, the similarity measure between an up-
coming activity a and the negative user profile U,,,, denoted cos ( Ubegs €)
can be used as a penalty function in the textual score. Note that the
construction of a negative profile is possible in the case of a distributed
event, where the number of available option is rather limited. In the

context of LBSN, the calculations might be very heavy, as the number
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of alternatives (e.g. all alternative POIs in a city not visited by a user)
may be too large.
The positive user profile Uy, consists of summarised TF-IDF vectors

of a&tivities performed by the user in the past, i.e.:

1 —
Upos = aggaeAu{m X a s

where agg is an aggregation operator, A, denotes the set of activities
performed by the user u in the past, a is a time decay factor (we set
a = o.ot similar to [67]), and 7(a) returns the number of years be-
tween the current activity and the user’s past activities, if exists. For the
experiments, we use a sum as an aggregation operator.

The negative user profiles U,,,; consists of aggregated TF-IDF vectors

of past activities not performed by the user, i.e.:

1 —
Uneg = “gga¢Au{m X dj.

The textual score of an upcoming activity a for a user u is then computed
as a linear combination of cosine similarity measures between a TF-
IDF vector a of an a&ivity a and positive and negative user profiles, as

follows:

tev(a,u) = ay - c0s(Upos, @) — B, - c05(Upeg, ). (7.3)

The parameters a, and 8, are defined for a given user as optimisation
parameters of the loss function with regularisation over the 10-fold cross-

validation sets.
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t,(a) = 16h20; t,(a) = 16h40

Figure 7.2.1: Representation of an activity as a binary time vector. The ac-
tivity starts at 16h20 anf ends at 16h40.

7.2.3 TEMPORAL INFLUENCE

Another factor that might have an impact on users’ decision on joining
an activity is the temporal aspec, i.e. when an activity takes place. The
intuition behind is that there are several parts of a day when a person is
more active.

To formalise this intuition, we split a day into 15 minutes long times-
lots'.

We then represent each activity as a binary 1 X 96-dimensional vector
t, with a vector component set to 1 if the availability time window of an
activity includes that timeslot. Example of an activity decomposition
into a binary vector with respect to the time slots is given in Fig. 7.2.1.
A user is then represented as the binary vector built over the union of
the timeslots of his/her past ativities t,. Figure 7.2.2) illugtrates the
construction of a user’s temporal profile. Thus, if a user has taken part
in three activities a,, a,, and g, his/her time profile will consists in a

union of corresponding activity vectors.

"Here, we do not take into account a day of the week, as the overall length of a cruise journey
or a festival is rather limited.
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Figure 7.2.2: User's temporal profile.

The temporal score is defined based on the temporal relations between
a timeslot vector of an upcoming activity and a user’s temporal profile,

as:

1, ift,Nt, #0
Pime(a, ) = < 0.5, if t, N {t, —1Ut, +1} # 0.
0.1, otherwise

We adapt the scores proposed in [98] to estimate the time prior corre-
lations between locations. The granularity of the time discretisation we
use s different from [98] (7 timeslots per day and 2 types of days: week-
day and weekend), we do not assign zero value, but rather o.1. More-
over, due to our more fine-grained discretisation, instead of assigning
one in the case where the timeslots are absolutely identical, we use the
intersection.

Figure 7.2.3 provides an illustration of the three cases and correspond-
ing values of the temporal score: (a) an activity a occurs in a time slot
in which a user u has already performed aivities in the past; (b) an
activity a occurs in a time slot following a time slot in which a user u

has already performed aivities in the past; (c) an activity a occursina
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Tiime(a,u) =1 Fiime(a, ) = 0.5 Fiime(a, ) = 0.1
(a) (b) (c)

Figure 7.2.3: lllustration of estimation of temporal score based on a decom-
position of an activity and user profile w.r.t. 96 timeslots.

time slot in which a user u has never performed activities in the past.

7.2.4 COMBINING INFLUENCES

Each of the influences described above correspond to different dimen-
sions of the user’s preference towards an activity. Therefore, for fur-
ther improvement of the effectiveness of recommendation, we propose

to combine them, making use of the three aforementioned influences.
There are various combination techniques, among which we have cho-
sen the following two ways.

First, we propose to define Hybrid Score yy, (1, a) as a following combi-
nation of the categorical 74 (a, u), textual 74, (1, a) and temporal 74, (a, u)

Scores:

;'hyb(ua a) = (Vu : ﬂb(”) a) + Su : ;’cat(aa u)) ) ;'time(aa u)7 (7'4)

where 7, and §,, are defined for a given user as optimisation parameters
learned on the past user-item interactions.

Second, we suggest to fit the logistic regression classifier with categorical,
textual and temporal scores as parameters, and consider the probability

of assigning an a&ivity to the class 1 as Logistic Regression Score (LogR),
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ie.:

1
1 + ei(;’]o+q1x) ’

(7.5)

Plog(th, a) =

where X = (Fzat, Teb, Ttime), and 11 and 5, are the parameters of the lo-

gi§tic regression.

7.2.5 COMPUTATIONAL STRATEGIES

We suggest to organise scores estimation process under two strategies
that we call Strategy 1 (All-at-Once’) and Strategy 2 ('Day-after-Day’)
strategies. They differ in the way to treat the users’ historical data, used
in order to build the user profiles.

Figure 7.2.4 illustrates the computational strategies. The set of activi-
ties is divided into past activities and new activities with respect to the
time of their availability and the time of recommendation. The users’
interactions with the past activities form the users” higtorical data (dark
green cells in Fig, 7.2.4). Let us first consider Strategy 1 (see Fig.7.2.4
(a)). When estimating the user’s interest in the new activities, the user’s
profile is constructed based on the user’s historical data.

In case of Strategy 2 (see Fig.7.2.4 (b)), the set of the new activities is
sub-divided with respect to the time of their availability into bunches.
For the sake of simplicity, we suggest to use a day as time granularity
for this division. The main idea of this strategy lies in an iterative en-
richment of the users’ historical data. Thus, the estimation of the users’
interest scores is performed for bunches of activities. Let us consider
the activities happening during the time T'.,). The historical data will

then congtitute of the users’ interactions with the past activities (dark
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green cells in Fig. 7.2.4 (b)) and the etimations made for the time pe-

/ pUXAXX >R \

riod T (light green cells).

Users
Users

past activities new activities past activities Tk Te+1)

. )
T
\\ / \ new activities /
. — Past user-item interaction (known) |Z| — Estimated user-item interaction (prediction)

(a) (b)

Figure 7.2.4: Computational strategies: (a) Strategy 1 - All-at-once, (b)
Strategy 2 - Day-after-Day.

The pseudocodes of the strategies are given in Tab. 7.2.1.

7.3 PART II. ESTIMATION OF TRANSITION PROBABILITIES BETWEEN

ACTIVITIES

Our goal is to retrieve the most typical transitions between consecutive
activities, i.e. users’ activities sub-sequences or behavioural patterns.
Two activities are considered to form a sequence if the time interval
between the end of the first and the start of the second one is within

a fixed threshold [ 143 ].
In Section 6.3.2 of the previous Chapter, we have described an approach
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Table 7.2.1: Strategy 1 and 2 to estimate the interest scores of activities

Algorithm 1 Strategy 1: All-at- Algorithm 2 Strategy 2: Day-after-

Once Day
Require: User’s Attendance Require: User’s Attendance Matrix
Matrix M, New activities M, New activities NewEvent,
NewEvent Number of past days PastDays,
Ensure: Activities scores R Total number of days DayNum
1: Calculate R (NewEvents, M)  Ensure: Activity scores R
2: return R 1 M@ — M

2: for i <— PastDaysto DayNum do

3: Calculate
R (NewEvent), M)

4 MO — MO YRO
5 R+~ RURY
6: i<—i+1
7. end for

8: return K

to model the sequences of locations (POls) visited by a user, proposed
in [143]. It consists in the construcion of the location-location transi-
tion graph. Using this work as the basicidea, we propose to construct an
activity-activity transition graph (A*TG) and a category-category transi-
tion graph (C*TG) by extending the concept of location-location tran-
sition graph used to model the transitions between POTs [ 143 ].

ACTIVITY-ACTIVITY TRANSITION GRAPH, A*TG. The ad&ivity-activity
transition graph denoted A*TG = (V, E), models the transitions be-
tween a&ivities determined by their time and location. Itis constructed
for each user based on the user’s historical traces and the program of a
distributed event. For each user, we retrieve users activity sequences
and construct the A*TG. It is a weighted directed graph. Its nodes,

V = {a, ..., an}, correspond to the activities undertaken by the user,
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and the edges E stand for transitions from one a&ivity to another. Con-
trarily to [143], where the nodes of location-location transition graph
are assigned the number of outcoming edges, each node of A*TG is as-
signed the number of incoming edges InCount(a;). The motivation be-
hind this modification lies in the intuition that the user’s satisfaction de-
pends more on the previous experience rather than on the future one.
Therefore, the selection of the current acivity will rely more on ‘what
the user did before’ The weight of an edge reflects the number of tran-
sitions in the user’s historical data, TransCount(a; — a;).

According to the assumptions described above (see Section 6.2), the
activities are unique. Due to this uniqueness, the maximum value of
TransCount(a; — aj) and InCount(a;) is 1. Moreover, when consid-
ered an upcoming activity, the values associated with it will be equal
to zero, diminishing the use of A*TG for further recommendation pro-
cess. a higher level of abstraction is needed. Therefore, we propose to
pass to the level of categories under the assumption that the categories

of an activity are known.

Table 7.3.1: Example of A*TG, C>*TG and Pr. Node labels stand for InCount.

Activity sequence: {Crafts: Door Hangers — Pictionary Challenge — Singles’
Lunch — Goofy — The Comedy and Hypnosis of Ricky Kalmon}

Categories sequence: {Fun for All Ages (F) — Fun for All Ages (F) — Adults
(A) — Characters (C) — Fun for All Ages (F)}

ATG: CTG:

@@ e
Q

F—>F)—1/2PT(A—>C):
Pr(C— F) =1/2
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CATEGORY-CATEGORY TRANSITION GRAPH, C*TG.  The category-category
transition graph, denoted C*TG, is constructed in a way similar to A*TG.

It is construted for each user. Its nodes represent categories c; associ-

ated with a&ivities undertaken by the user and are characterised by the

number of incoming edges, InCount(c;), calculated as follows:

InCount(c;) = ZInCount(aj).
ajeci
The edges stand for transitions between categories and are associated
with the number of transitions, TransCount(c; — cj), which is calcu-

lated using the TransCount of corresponding activities as follows:

TransCount(c; — ¢;) = Z TransCount(ar — ag).

ak€¢j,
ag€cl-

TRANSITION PROBABILITIES. Given C*TG, we can define the proba-

bility of transition from category ¢; to category c;, denoted Pr(c; — cj) ,

as follows:
Tm’;:lgzztt((zrcj)a if InCount(c;) # o
Pr(c — ¢) = o, if InCount(c;) = oand ¢; # ¢;
1, if InCount(c;) = oandc; = ¢

(7.6)

An example of A>TG, C* TG and transition probabilities Pris shown in
Tab. 7.3.1.
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In order to estimate the transition probability between two activities,
their categories should be known. Thus, the transition probability be-
tween two activities gy and a,,, can be estimated as the maximum value
of the transition probabilities between the corresponding categories,

C, and C, respectively, i.e.:
PT(ak — am) — maxckecak,cmecam {PT(Ck — Cm)}- (7-7)

7.4 PART III. ITINERARY CONSTRUCTION

Given a user, a set of activities A defined by their locations given by co-
ordinates, the time windows of their availability, the duration, person-
alised interest scores, the travel time between a pair of locations, the
fixed starting and ending point, we want to find a sequence of activities
that maximises the overall colleced score, i.e. user’s satisfaction from
undertaken activities. Therefore, the itinerary construction problem
can be formulated as the Orienteering Problem with Time Windows

(OPTW) [117].

ORIENTEERING PROBLEM WITH TIME WINDOWS.  Orienteering Prob-
lem with Time Windows (OPTW) [118] is an optimisation problem,
an instance of Orienteering Problem family. The main goal is to max-
imise the score collected by visiting nodes in a graph, given starting and
ending node, subject to a cost budget, while satistying limited availabil-
ity constraint, i.e. start of visit should occur within the time window of

anode. OPTW can be formalised as follows [ 118]:
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N—-1 N
Objective function Max Z Z rix;

i=2 j=2

N N—1
Starting and Ending point Z Xy = Z XN = 1
constraint =2 =1

N—1 N

Unique passage of a ink = Zxkj <uVk=2,...N—1
node/arc constraint =1 j=2

N—1 N
Knapsack congtraint (in- Z Z tixii < Tonax

i=1 j=2

cluding Time  budget
constraint)

Timeline of the path con- start(i) + t; — start(j) < M(1 — «;); Vi,j =1,...,N

straint
Start of visit within time t,(i) < start(i) < t,(i);Vi=1,...,N
window constraint
Decision variables xj € {o0,1};Vi,j=1,...,N
1, ifjisvisited afteri
Path decision variable Xij =
o, otherwise
Position of node i in the path u;
Number of nodes N
Score associated with node i r;
Time budget T o
Travel time needed to pass ti

from node i toj
Time window assigned to [£:(i), t.(i)]

node i
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Large constant M = const

In the previous Chapter (see Section 6.2), we have identified the set of
feasibility constraints, among which Activity completion constraint. We

add it to our formalisation of OPTW, as follows:

Acivity completion constraint start(i) + 8; < t,(i);Vi=1,...,.N

In the above formulation, start(i) denotes the time of start of perform-
ing activity at node i, §; denotes the duration of activity at node i, and
t.(i) denotes the closing time of node i (a&ivity end time).

In order to solve the aforementioned problem, we propose to modify
ILS algorithm [117], described in Secion 6.3.3 of the previous Chap-
ter, in order to take into account the acivity completion constraint and
incorporate the sequential influence on the user’s satisfaction score with
items. We denote our modified version by ILS TP. We describe it in

the following,

ILS TP. ILS TP is based on ILS algorithm proposed in [117]. In
order to satisty all the spatio-temporal constraints and make use of se-
quential influence on the user’s preference towards the activities to un-
dertake, we propose an adaptation of the this algorithm.

Firgt, in order to take into account the activity completion constraint,

we modify the formula 6.3 of MaxShift by including the activity dura-
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D Time window
@ Time spent at node

5 . .
i C‘..D Arrival time
P e Travel time between nodes
j . ) Waiting time
: ': P ‘ ... Time spent at node with
a; §j late_s; » L 7 the latest possible start
—  —
t(i,j) MaxShift;
Y
Wait;

Figure 7.4.1: lllustration of parameters used in ILS. The following notations
are used: a - arrival time, s - service start time, f; - opening of the time win-
dow, t, - closing of the time window, Wait - waiting time, MaxShift - maximum
time shift, t(i,j) - travel time between nodes i and j, § - activity duration/ser-
vice time, late_s; - the latest time a user may start performing and activity at
node j.

tion &, as follows:

MaxShift; = mint,(i) — §; — start(i), Wait,, + MaxShift; ]
(7:8)

We illugtrate the modified MaxShift in Fig. 7.4.1. Thus, the latest possi-
ble time of start of performing an activity at node j is defined by its clos-
ing time and activity duration latest _start = t,(i) — §;. We symbolyse
with a grey oval in the figure the time spent by a user at node j, in the
case she/he starts performing the activity at the latest time latest _start.
In this case, MaxShift; denotes the maximum number of time units, the
start of performing an activity at node j may be delayed, so that a user
is able to finish it before the end time (closing time) of the node, and
without violating the feasibility of the following nodes.

Our second modification consists in incorporating the transitional prob-
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abilities between items in ILS. The intuition behind is that incorporat-
ing the sequential characteristics, retrieved from already undertaken ac-
tivities, could enhance the prediction power of itinerary recommenda-
tion model.

Thus, we suggest to introduce the transition probabilities between ac-
tivities to the calculation of the value to be maximised. In other words,
we propose to adjust the value of Ratioy that is maximised at each iter-
ation of ILS, with the transition probability from the previous activity

ai_, to the current one ay, as follows:

. IA’k * Pr(ar—, — ai
Ratio;, = éhiftk ), (7.9)

where 7y is the score of the activity ay, Pr(ar—, — ay) is the transi-

tion probability from the a&ivity a;_, to ar. We denote our transition
probability enhanced ILS as ILS_TP.

7.5 DISCUSSIONS

In previous se¢tions, we have described our proposed approach, ANAS-

TASIA. In this Section, we provide the discussions about it.

7.5.1 DEALING WITH USER COLD-START

The estimations of personalised scores described above (see Section
7.2) require the existence of the user’s historical data. In order to allevi-
ate the user cold start problem, we suggest to use non-personalised rec-
ommendation method for the first day of reccommendation. Our intu-

ition is that a primary choice will be made based on activity categories.
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This intuition is also reinforced by the fact that when a user registers to
a EBSN such as Meetup, or a music website such as Deezer, he/she is
usually asked his/her preferences with respect to a category or a genre
of items.

Thus, we propose to assign the same scores to the activities of the same
categories. We assume that a distributed event has a ‘main track’ cate-
gory, which unites general admission activities. Examples of such main
track category will be main track(-s) at a conference, general program
events at conventions, etc. For the activities of the ‘main track’ category,
the score to assign is 1. For other a&ivities, we assign o.S.

This is one of the possibilities. A common approach to deal with the
user cold-start problem consists in using the user’s additional attributes,
such a demographic information (e.g. gender, age, occupation, etc.).
Recent works have shown that the use of the user’s personality may help
to cope with cold-start problem [ 12, 35, 114]. A comparative study of
methods for alleviating the user cold-start problem in recommender
systems can be found in [108].

Though these methods have shown rather well results, we may not ap-
ply them as is, as they require additional data about the users, that we
do not possess. Moreover, it can not be easily learnt from external re-
sources, as for the best of our knowledge, there has been no studies
done to model the relationships between the user’s characteristics and

events/activities for recommendation purpose.

7.5.2  USE OF COLLABORATIVE FILTERING

In Section 6.3.1 of the previous Chapter, we have discussed that for the

purpose of our recommendation scenario of the users attendance of
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distributed events, content-based methods are more adopted. Among
the reasons, the lack of collaborative data due to the temporary nature
ofactivities, and the new item cold-start problem from which suffer col-
laborative methods.

However, with the growth of the data, i.e. after collecting the data about
the users’ attendance of several editions of distributed events, the other
users’ past interactions may be used for predictions. This is a dire¢tion

for further research.

7.5.3 INCORPORATION OF CONSTRAINTS INTO SEQUENCE LEARNING BASED METH-

ODS

As we have shown before, ANASTASIA is a hybrid methods, where
we incorporate rather basic sequence learning techniques into a general
two-step method. The motivation behind that incorporation dire¢tion
was the constrained nature of recommendation of activity sequences
during distributed events. One could try to find how to effectively deal

with constraints in the sequence learning environment.

7.6 SUMMARY

In this Chapter, we have described an approach for solving the problem
ofrecommendation of activity sequences during distributed events, called
ANASTASIA. The core of this approach has been presented at the In-
ternational Conference on Computational Science 2017 [81].
ANASTASIA is a hybrid approach that enriches sequence recommen-
dation methods based on discrete optimisation with sequence learn-

ing techniques. Thus, ANASTASIA consists of three parts. On the first
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step, ANASTASIA exploits categorical, textual and temporal influences
to estimate users’ interest scores in activities. Next, it makes use of se-
quential influence in order to estimate the transition probabilities be-
tween activities. Two strategies of computation of activity scores have
been also suggested. On the last step, once the scores are obtained, the
construction of the itinerary is modelled as an instance of the OPTW
and an iterative solution has been proposed that incorporates the tran-
sition probabilities between activities into the estimation of the best in-
sertion at each step.

The evaluation of this approach is provided in Chapter 11. It is per-
formed on the datasets described in Chapters 9-10.
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DATA IS A IMPORTANT ELEMENT OF RECOMMENDATION as it comes as
the input of a recommender system which generates new data, arecom-
mendation. One canlearn from data and evaluate a proposed approach
on it. Data used for recommendation of sequences of spatial items may
vary according to its origin, purpose, colleGtion way, etc.

In this Thesis, we address the problem of recommendation of sequences
of $patial items, and more precisely recommendation of activity sequences
during distributed events. In this Chapter, we determine the require-
ments that consist of desirable characteristics or features a dataset should
possess for reflecting a realistic scenario. The latter is important for

both, modelling and evaluation of a recommendation approach.

Roadmap. In this Chapter, we identify a number of requirements (de-
sirable features) for a dataset that can be used for recommendation of
activity sequences during distributed events. We analyse the compli-

ance of the existing datasets with these requirements.

8.1 DATASET REQUIREMENTS

In Chapter s, we have discussed the existing datasets that could be used
for recommendation of sequences of spatial items. We characterise the
dataset discussed above with respect to the information they provide.
Thus, we distinguish several characteristics that could also be consid-
ered as requirements for a dataset needed or desired for better mod-

elling of recommendation algorithms and their evaluation. They are
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determined based on the characteristics contained in the datasets and
the definitions of spatial items and the problem of recommendation of
$patial items.

We group these characteristics into five types according to the entity
they describe, i.e. item (unit under consideration), sequence (ordered
sequence of items), user (information about users), user-item (relations

between users and items), and user-user (relations between users).

8.1.1 REQUIREMENTS RELATED TO ITEMS

The first group of requirements is related to the items and their attributes.
Thus, as we deal with spatial items, their locations should be provided.
The most common form of representing alocation is coordinates. When
defining spatial items, an a&ivity in particular (see Section 3.1.1 of Chap-
ter 3), and the problem of RSSI (see Se&ion 3.3 of Chapter 3 ), we have
accentuated the importance of time dimension, which is mainly due
to temporal nature of spatial items (particularly, events and aivities).
Therefore, the time windows of the item availability and theservice time
(or duration) should be provided in the dataset. The categorisation
ofitem is also an important charateristic, especially in the case where
items are unique (which is usually the case of events in EBSN and ac-
tivities during distributed events). Description is a desirable feature, as
it helps to understand what the item is about. However, it may not be
provided. Other attributes like price or any other additional attribute

may not be necessarily present.
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8.1.2 REQUIREMENTS RELATED TO SEQUENCES

The second group of requirements is related to a sequence. This group
of characteristics may include various constraints related to a sequence,
such as time budget which defines the maximum length (duration) of
a resulting sequence, its starting/ending point or any other attribute.

These attributes are desirable but not mandatory.

8.1.3 REQUIREMENTS RELATED TO USERS

The third group of requirements is related to users and contains user’s
personal data, e.g. demographic information, psychological profile, ex-
plicit preferences, etc. These attributes are desirable but not manda-

tory.

8.1.4 REQ_UIREMENTS RELATED TO USER-ITEM INTERACTIONS

The fourth group of requirements is related to user-item interactions.
Thus, it is mandatory to have historical data on user-item interactions.
This data serves as the input for a recommender system (see Section 3.3
of Chapter 3). It is to note that the historical data may contain explicit
or implicit information about user-item interactions of different types,
e.g. ratings, rsvps, checkin, etc. Preferably, this data should be times-
tamped. To underline the explicit scores that a user gave to an item,
we can indicate Score as an attribute. The latter will also be true for the

datasets issued from Operational Research, where the scores are prede-

fined.
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8.1.5 REQUIREMENTS RELATED TO USER-USER RELATION

The last group of requirements is related to user-user relation. It con-
tains the data about social links between users. It may also contain in-
formation about group of users. This data is desirable but not manda-

tory.

8.1.6 COMPLIANCE OF THE EXISTING DATASET WITH THE REQUIREMENTS

We compare the existing datasets discussed in Chapter s with respect
to the identified requirements in Table 8.1.1. As it can be seen from the
table, all the datasets contain geo-localised data, but none of them cov-
ers all the aspects that we consider as mandatory for recommendation
of sequences of spatial items (given in italics in the table), i.e. time win-
dows, coordinates, service time, categories, users historical data. Though
we have mentioned only five essential elements, all other chara&teristics
listed in the table are desirable for modelling a recommendation algo-
rithm and its evaluation as their handling shall enhance the quality of

recommendation.
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Table 8.1.1: Comparison of the available datasets.
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dows (MCTOPMTW) [109, 118]. Other OP-TW: benchmark instances of OP-based problems with time windows [118],
excluding MCTOPMTW Other OP-based: benchmark instances of OP-based problems without time windows [118]
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To fill in this gap in the existing datasets, during this Thesis, we have
created two datasets in compliance with the determined requirements,
that can be used for recommendation of a&ivity sequences. Both of
the datasets reflet a scenario of users attendance of a big distributed
event. To the best of our knowledge, these are the only publicly avail-
able datasets for such a scenario.

The first dataset, that we call Fantasy db, reflects an application sce-
nario of cruise attendance and activity performance on board of a cruise.
It has been created based on a conducted user study, where we asked
the participants to rate the activities and provide their daily plannings.
Though this dataset is very rich in data and satisfies the underlined re-
quirements, it is small in size. Thus, in order to overcome this limitation
and conduct a better evaluation of our proposed approach, we have cre-
ated another dataset.

The second dataset, called DEVIR, reflecs a scenario of users atten-
dance of one of the biggest comic book conventions. We have created
this dataset mainly based on a web crawl of the official website of the
convention. It contains mainly the rsvp data provided by the attendees
using the convention ofhcial scheduling application.

We describe these datasets in the following chapters.

8.2 SUMMARY

In this Chapter, we have presented an overview of the datasets that could
be used for evaluation of approaches for reccommendation of sequences
of $patial items. We have identified alist of desirable features of a dataset

(requirements) for a better solution modelling and evaluation. More-

150

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



over, we have investigated the compliance of the existing datasets to
these requirements. Our analysis has shown that there is room and
need for datasets for sequence recommendation, in particular during
distributed events, as the users behaviour is different when planning
several day activities. Therefore, during this Thesis, we have created
two datasets in compliance with these requirements, that can be used
for reccommendation of activity sequences, namely (1) Fantasy db: a
dataset of cruise attendance and activity performance on board of a cruise,
and (2) DEvVIR: a dataset for event and itinerary recommendation at
the biggest comic book convention. We describe these datasets in de-

tails in the following Chapters.
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Nowadays, the field of leisure activities experiences a substantial growth.

In this context, a rising phenomenon is distributed events that gather
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various activities under one umbrella. They attrat more and more at-
tendees. Examples of such events are cruises, festivals, big conferences,
conventions, etc.

We consider the case of a cruise, where on each day of the cruise the
travellers are proposed a program of on-board activities. In the pro-
grams, the availability hours (time windows) of the activities are given,
as well as their categories. The activities may overlap in terms of their
availability. The travellers then have to decide which activities to un-
dertake in order to spent a better time.

The motivation behind the selection of such scenario lies in rising pop-
ularity of cruising, on the one hand. Thus, according to Florida-Caribbean
Cruise Association (F-CCA) [33], about 25.3M passengers are expected
to cruise globally in 2017, showinga 7% average annual passenger growth
rate over the last 30 years. Cruising has become a preferred vacation
choice for families, especially with kids, making cruisers population younger
and more diverse than non-cruisers. F-CCA reports [33] that cruising
is the favourite choice of Millennials and Generation X. Cruisers appre-
ciate the opportunity to relax and get away from it all, see and do new
things. Cruise lines offer a vast variety of on-board activities, as well as
in ports of call.

On the other hand, providing multi-day holiday on board of a ship, the
cruise companies organise multiple activities for the travellers. There-

fore, a cruise journey may be considered as a distributed event.

Roadmap. In this Chapter, we present a new dataset for recommenda-

tion of activity sequences during distributed events, called Fantasy db.
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We describe it according to the following aspects: (1) obje&ives and
motivation for its creation; (2) data colle&ion process; (3) data truc-
ture; (4) compliance with the requirements described in Chapter 8; ()

data analysis and description.

9.1 OBJECTIVES AND MOTIVATION

We aim at creating a dataset with compliance with the requirements
that will refle&t a real-world scenario of users attendance of a distributed
event. Though many event organisers offer to their participants an ap-
plication to use, the colle¢ted data is usually not publicly available. There-
fore, in order to create a dataset, we simulate users attendance of a dis-
tributed event by a user study.

Our objectives are as follows:

o To create a dataset of attendance of a distributed event. To do so,
we conduct a user study, asking the respondents to provide their
preferences of activities and intentions to attend them during a
cruise. Note that being interested in an activity does not neces-
sarily result in undertaken this acivity and vice versa. For that
reason, we have asked the respondents to provide both, their pref-

erences of activities and binary attendance.

o To better understand the selection problem faced by the partici-
pants by analysing multiple user-activity interactions. Recommender
systems often deal with only one type of user-item interactions,

e.g. ratings, reviews, check-in, etc. In our user study, the respon-
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dents were asked to rate all the activities in terms of the interest in
them (i.e. provide ratings), and then to create personal schedule

for each of the days of a cruise (i.e. binary attendance, or rsvp).

9.2  DATA COLLECTION

In Chapter 8, we have set the requirements for a RSSI dataset. In order
to collect the required data that would reflect a scenario of users atten-
dance of a distributed event, we have conducted a user study. The study

was performed via an online survey using Google Forms platform.

QUESTIONNAIRE. The questionnaire consisted of 4 parts. In the first
part User Profile, the participants were asked 10 questions about their
demographic information and cruising experience.

In the second part of the questionnaire User Preferences, we asked the
respondents to provide their preferences towards the a&ivities proposed
on board of a cruise on s-point scale, ranging from ‘Never’ to “Won't
miss. The list of activities used in the survey was taken from the daily
programs of Disney’s Fantasy 7-nights Eastern Caribbean cruise organ-
ised by Disney Cruise Line company (DCL). Activities dedicated ex-
clusively for kids have been excluded from the current list of activities.
The original daily programs, referred to as personal navigators in DCL
terminology, can be found online'. Thus, the participants rated 311 ac-
tivities. The activities were displayed by their categories.

The third part of the questionnaire Itinerary Planner was dedicated to

'"http://disneycruiselineblog.com/2015/07/personal-navigators-7-
night-eastern-caribbean-cruise-on-disney-fantasy-itinerary-a-june-
20-2015/
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personal itinerary planners. Thus, for each day of the cruise, we asked
the participants to indicate the activities they would perform, taking
into account the time windows of their availability. The activities were
chronologically ordered and displayed by day. The attendance indica-
tor was binary, i.e. going or not going. By default, ‘not going’ value was
seleted.

The fourth part Aterwards consisted of conclusion questions about the
participants planning behaviour, such as their way of managing their
planning, consideration of venues, etc.

We also provided the participants with the deck plan of the ship that can
be found on the web? in order to make them familiar with locations of
activities. We provide several screenshots of the questionnaire in Fig.
9.2.1. The overview of the questionnaire with examples of questions is
given in Tab. 9.3.1. The full questionnaire is given in Appendix A. The

estimated duration of completion of the questionnaire was 1 hour.

PARTICIPANTS. The participants were recruited via alink to the online
questionnaire sent by email to several research and university mailing
lists. Thus, 23 contributions were collected. Statistics concerning the
participants are provided in Tab. 9.2.1. The participants were mainly
men in age range of 21-30. Only one respondent has experienced DCL
cruises before, while 4 re§pondents reported to had experienced cruises
before. Only a third (8) of respondents reported to consider the dis-
tance between the venues of attivities while selecting them. As for the

way of managing the activities to perform, the respondents have got dis-

*http://disneycruiselineblog.com/ships/deck-plans-disney-dream-
disney-fantasy/
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Figure 9.2.1: Screenshots of the questionnaire.

Table 9.2.1: Participants Statistics

Statistic Value
# Female users 7

# Users already experienced DCL 1

# Users already experienced any cruise 4

# Users considering the distance between venues 8
Managing Activities. Not-to-miss List : Daily planning: No 14:4:§
planning

Age group: 21-30: > 30 16: 7

tributed among three groups as follows: the majority of respondents
(14) determine a list of not-to-miss activities, when others do not pre-

select anything (5 ) or in contrast, create daily plannings to follow (4.).

GENERAL STATISTICS OF FANTASY DB. Based on the results of the
questionnaire described above, we have created a dataset that we call
Fantasy db. The general statistics of the obtained dataset are given in
Tab. 9.2.2. In the table, we provide statistics concerning two types of

categories: original DCL categories that are given in activity programs,
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Table 9.2.2: Dataset Statistics

# Activities # Days # Users # Locations # Categories
593 7 23 47 52 =10 (DCL) + 42 (Other)

and Other categories that are a list of more fine-grained categories of ac-
tivities. The average duration of an activity is 45 minutes. The average

number of ongoing simultaneous activities is s.

9.3 DATA STRUCTURE

The dataset consists of the following entities:

« activity: an entity, containing a lit of events from the cruise pro-

grams.
« user: an entity, containing alist of users who took partin the study.
« location: alist of venues where the activities take place.

« category: alist of event categories.

- rsvp: users RSVDPs, indicating users’ intentions to take part in an
activity, expressed by a binary attribute value, attendance imi-

tation.

- rating: users rating of activities in terms of their interest on s-

point scale.
- activity-category: a list of activity-category pairs.

« location-location: distance matrix between locations, reflecting

travelling (walking) time between the activity venues.
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6S1

Table 9.3.1: Description of the parts of the survey. Qnt denotes the number of questions in a section.

Section Qnt Description Question Examples

User Profile 10 Questions on basic user’s features and their Your gender: OFemale IMale
cruising experience Have you already experienced DCL (Disney Cruise Line)?

Are you aiming to attend the maximum amount of activities
mentioned in your Personal Navigator or just a few must-see?

Users 311 User’s evaluation of a list of proposed activities ~ Sailing Away. Don’t Miss Event.

Preferences by selecting one of the grades for the listed ac-  Description: It’s time to go Sailing Away! Join Mickey and
tivities: 1 - Never (not interested at all and Minnie along with Tinker Bell and the rest of the gang as they
won’t recommend to anyone to attend it); 2-  welcome you abroad the Disney Fantasy.

Not interested; 3 - Neutral; 4 - Interested; s - Available: Day 1, 16:30-17:15, Location: Deck Stage
Won't miss Never OOOO @Won't miss

Itinerary 593 Organisation of the activities into a day-wise ' .

Planner itinerary. Given an ordered list of activities et Clohuy  Wmiijziay
with their availability hours, the respondents  11:30 - 15:00. Character Meet & | O
were asked to indicate their intention to join ~ Greet Ticket Distribution. Cate-
the activity or not by clicking on "Going” or  gory: Characters. Location: Port
"Not going” Adventures Desk. Don’t Miss Event

Afterwards s Conclusion questions When you were having a choice among different activities

of your interest, did you consider the distance to the venue
while making your choice?

How do you usually manage the list of activities to perform
during your vacations?
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Table 9.3.2: Dataset description.

entity attributes attribute description example
activity_id identifier 2300575
name name The Comedy & Hypnosis of Ricky Kalmon
description textual description Featuring the Comedy & Hypnosis of Ricky Kalmon,

as he entertains you in this adult exclusive show.

location_id identifier of the activity venue 200046
location_name event venue Walt Disney Theatre
start time start time 2015-06-22 23:00:00
2 p .
S end_time end time 2015-06-22 23:45:00
~ g duration activity duration, min 45
g day day of the event 3
fee_price additional fee (if required)
event_of_the_day binary feature indicating if the activity is classified as o
‘event of the day’ in the program
not_miss binary feature indicating if the activity is classified as 1
‘not miss event’ in the program
location id identifier 200046
location_name activity venue Walt Disney Theatre
g is_indoor binary indicator if the venue is an indoor location 1
"c"g x_coordinate x_coordinate o
= y_coordinate y_coordinate 880
z_coordinate z_coordinate )
description description Deck 3, Forward
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Table 9.3.3: Dataset description. — Continued from previous page

entity attributes attribute description example
user_id identifier 10001
gender binary gender indicator: 1 - female, o - male 1

DCL_experience  binary indicator if a user has experienced a DCL 1
cruise: 1 -yes, 0 - no
cruise_experience binary indicator if a user has experienced any other 1
cruise: 1 -yes, 0 -no
travel _group indicator of a group a user is travelling with: 1 - alone, 3
2 - with your significant other, 3 - with a group of
friends, 4 - with family, 5 - with other group

2 g split_behaviour indicator of user’s splitting behaviour when travelling 1
with group: 1 - always together, 2 - split exceptionally,
3 - split often
event_management  binary indicator if a user tries to manage their event 1
list: 0 - no, 1 - yes
max_or_few binary indicator if a user aims to attend the maximum 1
amount of event or just a few: o - just a few, 1 - maxi-
mum
event_list_manage type of user’s event management strategy: 1 - daily 2
planning, 2 - list of not-to-miss events, 3 - no planning
50 user_id user identifier 10001
= activity_id activity identifier 2300575
= value user’s rating of an event on §-point scale 5
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Table 9.3.4: Dataset description. — Continued from previous page

entity  attributes attribute description example
o user_id user identifier 10001
E activity_id  eventidentifier 2300575
value user’s rsvp on activity attendance 1
> category_id identifier 50001
%’ category_name name Adults
%  short_name  categoryshort name Adults
° is_main binary indicator if a category is a DCL category 1
» event_id event identifier 2300575
*:‘é go category_id  category identifier 50001
5 8 value binary indicator of activity-category association 1
& o location_1 location 1 identifier 200002
S © . . N
£ £ location_2 location 2 identifier 200016
§ _8 value walking travelling time between locations, sec 420
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Figure 9.3.1: Conceptual diagram of Fantasy_db.

Figure 9.3.1 depicts a conceptual data diagram of dataset entities. Table
9.3.2 provides a detailed description of attributes of the entities with

examples.

9.4 DATASET COMPLIANCE WITH THE REQUIREMENTS

Previously in Chapter 8, we have identified a number of requirements
or desirable features of a dataset for recommendation of sequences of
spatial items. In this Section, we check the compliance of Fantasy db
with dataset requirements, and summarise it in Tab. 9.4.1.

It can be seen that Fantasy db meets most of the requirements. As for
touring information, such as Time budget and Starting/Ending point,
when solving RSSI, one can consider that Time budget is limited by a
day time, as the event program of onboard activities is given on daily
basis. As for the starting/ending point, user’s stateroom may be selected

if known or a zero point of the coordinate system.

9.5 DATA ANALYSIS

Fantasy db gives a more practical insight into personalised itinerary

recommendation and the activity selection process. In the following,
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Table 9.4.1: Compliance of Fantasy_db with dataset requirements.

Requirement ‘ Status H Requirement Status
Time windows v Time budget X
Coordinates v Starting/Ending point X
Service Time v Tour additional attributes X
Categories v User’s Historical data v
Price X Scores v
Item Additional Attributes v User’s Social links X
Description v User’s personal data v

we are analysing the collected data from two perspective, namely:

1. user’s interest vs. attendance: what is the relationship between the
user’s interest in activities and and actual participation in this ac-

tivity?

2. top-k recommendation vs. itinerary recommendation: what list of
activities better corresponds for a user: top-k recommendation

or itinerary recommendation?

This work was presented at the ACM RecSys Workshop on Recom-
menders in Tourism, RecTour’2017 [82].

Before answering the aforementioned questions, it is to note that rec-
ommendation of sequence of spatial items deals mainly with implicit
feedback. Given that attivities are happening in future as in the case of
event recommendation [67], there is very little information to handle
and there is much less user-item interactions than in traditional recom-
mendation scenarios. We deal with implicit feedback, implying that the
degree to which a user likes or not an item is not known. The use of

multiple contexts may increase the recommendation performance of
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the algorithms.

USER'S INTEREST VS. ATTENDANCE.  First, we explore the relationship
between the user’s interest in activities and and actual participation in
this activity, if they always correspond to each other. Our intuition is
that due to the limited availability and multiple parallel a&ivities, we
may deal with a situation, where a user may miss an activity of his/her
interest or in contrast, may join an activity that does not represent a par-
ticular interest to him/her. In order to test this intuition, we undertake
the following analysis.

We base our investigation on a rare property of Fantasy db, which is
multiple types on user-item interactions, namely user’s preferences of
activities expressed as a 5-point scale rating and binary indicator of at-
tendance. Thus, for each user we four measures: Interested & Going,
Interested & Not Going, Not Interested & Going, and Not Interested &
Not Going.

Interested & Going measures the number of activities a user was inter-
ested in (rating > 4 or rating = 3 if the highest rating given by the
user to any activity is equal to 3) and joined (Interested & Going).
Interested & Not Going measures the number of activities a user was
interested in but did not join (Interested & Not Going).

Not Interested & Going measures the number of activities a user was not
interested in but joined (Not Interested & Going).

Not Interested & Not Going measures the number of activities a user
was not interested in and did not join (Not Interested & Not Going).
Figure 9.5.1 depicts the distribution of this four measures for each user.

The chart shows evidence that individuals miss many activities that rep-
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Figure 9.5.1: Distribution of interest in activities and attendance per user.

resent interest to them. Thus, the number of Interested & Not Going
activities is almost twice higher (1.7621) than Interested & Going. It is
also surprising that Not Interested & Going activities constitute about
43% of all joined activities. A possible reason for the latter is that a user
may undertake some acivities he/she is not interested in, as interme-

diate pastime between activities that represent interest to him/her.

Top-k L1ST vs. ITINERARY.  Second, we wonder if an itinerary recom-
mendation returns more accurate results compare to top-k recommen-
dation. Our intuition is that given that activities are competitive and
short-lived, which results in the user’s preference for one activity over
the others in a given time slot, an itinerary (a feasible sequence of ac-
tivities) may be more desirable than a list of interesting activities. To

illustrate this, let us consider the following settings. We compare three
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top-k item recommendation algorithms againgt itinerary recommen-
dation from the literature. As history data we consider a binary atten-
dance matrix. We have varied the number of history days from 1to 6.
We consider the following algorithms:

Category-based (Cat): This algorithm ranks the candidate activities based
on their weighted frequency of corresponding categories.
Content-based (CB): The candidate aivities are ranked in descendant
order of their textual similarity with the user’s past activities. An activity
is represented as a TF-IDF vector. The user’s profile is built over TF-
IDF ve&ors of activities joined by the user in the past.

Logistic Regression (LogR): We fed a vector of aforementioned scores
into a logistic regression model.

ILS + Scores: We used our proposed approach ANASTASIA foritinerary
construction.

The algorithms were evaluated in terms of their precision. We returned
top-20 activities for each day’ using top-k recommendation algorithms.
Figure 9.5.2 displays the recommendation power of each algorithm with
varying number of higtory days (from 1 to 6). Itinerary recommenda-
tion algorithm shows higher precision, proving that an itinerary satisfies

better the user’s needs.

9.6 SUMMARY

In this Chapter, we have presented Fantasy db, a dataset for recom-
mendation of a&tivity sequences that satisfies the requirements defined

in the previous Chapter (see Chapter 8). Its application scenario is

3The average number of joined activities per day is 18.
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users participation in a 7-night cruise. We created Fantasy db based
on a user study. We have conducted this study in order to get a bet-
ter understanding of human behaviour in terms of leisure activities and
planning during distributed events. Here, we have described the un-
dertaken $tudy, resulting dataset and its characteristics. Though this
dataset satisfies the requirements, it is rather small in size. Therefore,
a larger dataset is needed to insure a better evaluation of the proposed

approach.
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In the previous Chapter, we have described Fantasy db, a dataset for
recommendation of activity sequences during distributed events. Though
this dataset satisfies the requirements for a RSSI dataset that we have
discussed in Chapter 8, Fantasy db is of small size. In this Chapter, we
present DEVIR, a dataset for event and itinerary recommendation, that
we created for filling the gap in the existing datasets, and overcomes the
limitation of Fantasy db related to its size. This dataset will allow us to
perform a better evaluation of our proposed solution. Moreover, it is a
publicly available dataset.

For DEVIR, we consider the case of a comic-book convention, Comic-
Con International: San Diego, further referred to as the Convention. It
is a comic book convention taking place every year since 1970 in San
Diego, California. The program of the Convention is usually dispersed
over § days, proposing about 390 events per day. Every year, the Con-
vention attracts thousands of attendees. Moreover, the event programs
of the Convention since 2013 are available online and the website pro-
vides an agenda application, allowing their users to manage their agenda
and to indicate on the website if they plan to attend an activity. All these
facts make the Convention a perfect distributed event for recommen-

dation of itineraries.

Roadmap. In this Chapter, we present DEVIR, a dataset for event and
itinerary recommendation. We describe it according to the following
aspects: (1) objetives and motivation for its creation; (2) data collec-

tion process; (3) data tructure; (4) compliance with the requirements
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described in Chapter 8; (5) data analysis and description.

10.1  OBJECTIVES AND MOTIVATION

We aim at creating a dataset that would serve a basis for a more re-
alistic evaluation of event and itinerary recommendation during dis-
tributed events. This dataset should satisfy the requirements we iden-
tified in Chapter 8 and be large scale. Therefore, we propose to con-
struct a dataset based on a well-known large distributed event, namely
the comic book convention (Comic-Con International: San Diego).
This work will be presented at the 52nd Hawaii International Confer-

ence on System Sciences (HICSS), HICSS-52 [84].

10.2 DAtA COLLECTION

In this Se&tion, we describe the data collection process we have under-
taken in order to acquire DEVIR: a new dataset for event and itinerary
recommendation.

We have constructed the dataset mainly based on the information avail-
able on the official website of the Convention'. We have conducted the
following process.

In August 2017, we crawled the official website of the convention in
order to retrieve the 2013-2017 programs of events and available data
about event attendance, namely the lists of events pre-selected by users.

By ‘users’ we denote the users of the scheduling application Sched used

'Mind, that the website content can be used only in non-commercial purpose, as the copyright
is hold by the Convention. Here, we are presenting the data collection process that can be under-
taken in order to obtain the data.
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by the Convention organisers. In order to mark the events the users
would like to attend, they are invited to create their Sched accounts or
use their Facebook account to sign up. The users may restrict the ac-
cess to their profile making it ‘private’ in order to hide their identity.
The users that have marked an event in their custom schedule appear in
the “Aftendees’ section of the corresponding event page. Private users
are displayed with ‘Private’ icon with no further information provided.
It should be noted that the users do not rate the events, but save them

in their custom agendas.

Algorithm 3 Get Data

Require: yearList

1: Events, Users, User_Event, Locations < {}

2: Categories, Tags < {}

3: for year in yearList do

4 main_domain_sched — ‘https://comiccon’+
TO_STR(year)+'sched.com/’
section_url <— main_domain_sched + ‘/list/descriptions/’
events <— GetEvents(section_url)
users <— GetUsers(main_domain_sched)
user_event <— GetUserEvent(main_domain_sched)
locations <— GetLocations(events)

e * 3 >

10:  categories <— GetCategories(events)
11: tags <— GetTags(events)
{// Append to the existing sets}
12:  Events < Events U {events}
13: Users <— Events U {users}
14:  User_Event <— Events U {user_event}
1s:  Locations < Locations U {locations}
16:  Categories <— Categories U {categories}
17: Tags < Tags U {tags}
18: end for
19: return Events, Users, User_Event, Locations, Categories, Tags

The Convention website gives access to all programs of the past and
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Algorithm 4 GetEvents

Require: section_url
1: events < {}
2: page <— ParsePage(section_url) {e.g. using BeautifulSoup in Python}
3: ev < FindAll('div', {'class’ : sched — container’})
4: forevinevent divdo
s id < Get(“id)
6:  name < Get(text)
7 link < Get(“href)
8:  descr < GetDiv(ev, {'class’ : “tip — description})
o loc, time,, time, < GetDiv(ev, {'class’ : “sched — event — details —
timeandplace} )
10:  cat < GetDiv(ev, {'class’ : “sched — event — type})
11: tag < GetDiv(ev,{class’ : “tip — custom — fields})

12: e << id, name, link, descr, loc, timeg, time,, cat, tag >
13: events < events U {e}
14: end for

15: return events

ongoing events starting from 2013. We iteratively crawled the program
pages for editions 2013-2017, as well as all the corresponding event and
user pages (see Algorithm 3). We give an example of parsing procedure

for events in Algorithm 4.

10.3 DATA STRUCTURE

Following the described procedure, we could create a dataset that con-

sists of the following entities?:

- event: a core entity, containing a list of events from the Conven-

tion programs.

- user: a core entity, containing a list of users registered at Sched

who expressed their intentions to attend events. Please, note that

*The dataset is available at: https://github.com/ecafidid/DEvIR
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for privacy concerns, we anonymised user names and ids in the

dataset.

« location: alist of venues where the events take place. We enrich
the crawled data with X and Y coordinates, and the address of the

corresponding buildings queried from Google Maps.

. category: a hierarchical list of event types (categories). The cate-
gories are organised into a two-level structure, where the parent
elements represent the main categories (tracks) of the conven-
tion or the service categories (e.g. 1: Programs, 2: Anime, or U:

Updated).
- tag: alist of event custom-based tags.

- event-user: users RSVPs, indicating users’ intentions to attend the

events, expressed by a binary attribute value.

« user-user: alist of user-user pairs who appear on the user’s pages

in the friends list, where value is a binary relation value.
« event-category: alist of event-category pairs.
. event-tag: alist of event-tag pairs.

« location-location: distance matrix between locations, reflecting
travelling (walking) time between the buildings of the correspond-
ing buildings queried using Google Maps APL

Figure 10.3.1 depicts a conceptual diagram of dataset entities. Table
10.3.2 provides a detailed description of attributes of the entities with

examples. We did not include event-category, to Table 10.3.2, as
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Figure 10.3.1: Conceptual diagram of DEvIR.

these entities can be considered secondary, being derivatives from the
lists of categories and tags of events. We mention them separately in
order to provide a better representation of relations between entities.
Similarly, location-location entity can be considered secondary,

as it is not issued from the original crawl of the website.

NOTE ON EVENT DURATION. In Chapter 8, we have stated that dura-
tion (also referred to as service time) is an attribute required for an ac-
curate itinerary recommendation. Note that the actual event duration
is often empirical and may vary. Event organisers may provide approx-
imate event duration, or only indicate the time window of event avail-
ability. The Convention program does not explicitly indicate event du-
ration, except for a few events. Therefore, when not explicitly indicated

in the event description, the duration has been assigned as follows:

« External source based: For the events with known or approximately
known duration (e.g. film, series, board games, etc.), we have queried
external sources to obtain the time length, e.g. IMDB, YouTube,
MyAnimeList, BoardGameGeek, etc.
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Table 10.3.1: General statistics of the DEvIR dataset.

2013 2014 201§ 2016 2017
# events 1,760 1,880 2,038 2,184 1,909
# locations 38 38 47 45 47
# categories 115§ 179 210 213 179
# tags 50 164 191 197 235
# users 11,147 10,945 9,033 10,697 9,001
# user-user 7,818 6,710 4,119 5,220 4,388
# user-event 249,439 247,003 220,565 250,396 202,244
# events per user, mean 22.379 22.57 24.42 23.41 22.472
(std) (24.11)  (24.81) (26.15) (25.66) (24.19)
event avg. duration, min  §3.81 52.87 55.88 50.4 51.26

Some events were cancelled. However, we count them in the total number of

events as there still exist data of users’ interest in them.

« Default value: We have assumed the default value to be equal to

the time difference between end_time and start_time. This

value has been assigned to the panel sessions, and most of the

events of the type ‘1: Program’

- Approximation: We have assigned approximate value based on

the main type of the event: ‘3: Autograph’ - 60, ‘8: Retailers’ - 30,

'7: Portfolio Review” - 20. The value selection was performed so

that it fits the minimum time window of a given event type and

was motivated by attendance rules and procedures described on

the website and attendees reports®.

The general statistics of DEVIR are given in Table 10.3.1. While calcu-

lating the number of users and event-user pairs, we removed ‘private’

users, as we cannot distinguish between them.

*https://www.wired.com/2015/07/nerdist-comic-con-guide/
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Table 10.3.2: DEvIR description.

entity attributes attribute description example
year year of occurrence of the event 2017
day day of the event 3
id identifier ssobioedc277c7477eefo6d4abc76csf
name name Fata Morgana
link link of the event /event/BSRu/fata-morgana
description  textual description Heldin AA26: Fata Morgana Steven Boyett and Ken Mitchroney
w2 time scheduling time of the event Friday July 21,2017 10:00am - 2:30pm
4 (string)
Y start_time start time 2017-07-21 10:00:00
end time end time 2017-07-21 14:30:00
location venue of the event Sails Pavilion - Autographs
location_link link to the venue /venue/Sails+Pavilion+-+Autographs
event_type  list of categories associated [['3: Autographs, ’/type/3%3A+autographs’], ['Group Sign-
with the event ing’,’/type/3%3A+autographs/group-+signing’] ]
event_tag list of event tags [['Held in: AA26)’/tag/Held+in%3A+AA26’]]
year list of participation years [2013,2017]
id identifier 8
. user_name user name (anonymised) userooooo8
§ user_link link to the user page /userooooo8
page_name name of user page userooooo8
about personal description
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Table 10.3.3: DEvVIR description. — Continued from previous page.

entity attributes attribute description example
year list of years the venue wasused  [2013,2014]
location venue name Marriott Hall 6, Marriott Marquis & Marina
. location_link link to the venue /venue/Marriott+Hall+6%2 C+Marriott+ Marquis+%26+Marina
-% address address 333 W Harbor Dr, San Diego, CA 92101, USA
2 x_coordinate x-coordinate (latitude) 32.7084733
- y_coordinate y-coordinate (longitude) -117.16742250000001
duration service time in min 60
year list of years the category was [2013,2014,2015,2016,2017]
N used
§° category_name category name Action Figures - Toys - Collectibles
2 category_link link to the category /type/1%3A+programs/action+figures+-+toys+-+ collectibles
° parent_link  link to the parent category /type/1%3A+programs/
year list of years the tag was used [2014.0,2015.0,2017.0]
?30 tag_name tag name Ticketed Events
tag_link link of the tag /tag/Ticketed+Events
. year year of relation 2017
% event_id id of the event ssob1oedca77c7477eefo6dgabe76csf
2 user_id user_link of the user /userooooo8
% user_name user_name of the user userooooo8
value binary RSVP value 1
5 year year of relation 2017
3 user_1 user_link of the 1stuser /userooo0o8
) user_2 user_link of the 2nd user /usero00268
° value binary relation value 1
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Table 10.4.1: Compliance of DEvVIR with dataset requirements.

Requirement ‘ Status ‘ ‘ Requirement Status
Time windows v Time budget X
Coordinates v Starting/Ending point X
Service Time v Tour additional attributes X
Categories v User’s Historical data v
Price X Scores X
Item Additional Attributes v User’s Social links v
Description v User’s personal data X

10.4 DATASET COMPLIANCE WITH THE REQUIREMENTS

Previously in Chapter 8, we have identified a number of requirements
or desirable features of a dataset for recommendation of sequences of
$patial items. In this Se¢tion, we check the compliance of DEVIR with
dataset requirements, and summarise it in Tab. 10.4.1.

It can be seen that DEVIR meets most of the requirements. Note that
User’s Historical data consists in the user’s intentions (rsvp) to attend
the events. Apart event categories, the tags are also provided in DEvIR.
As for touring information, such as Time budget and Starting/Ending
point, one can consider that Time budget is limited by a day time, as the
convention lasts during several days and its program is given on daily

basis.

10.5 DATA ANALYSIS

In this Section, we first characterise the data providing general statis-
tics about event attendance. Then, we give examples of DEvVIR use for

recommendation.
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Table 10.5.1: Number of events per day.

Day1 Day2 Day3 Day4 Days Dayé6

2013 15 465 50§ 500 275 -
2014 10 507 542 531 290 -
2015 1 24 555 588 574 296
2016 16 602 640 624 302 -
2017 16 513 567 533 280 -

10.5.1  GENERAL STATISTICS

In the following we investigate some of the characteristics of the data.

EVENTS AND USERS STATISTICS

First, we view the events and users statistics.

DISTRIBUTION OF EVENTS BY DAY. We start by depicting the number
of proposed events per day (see Tab. 10.5.1). It can be seen, that the
maximum number of events (640) was achieved on the 3rd day of 2016
edition. Such an amount of options makes it very hard for attendees to

select events of their interest and attend them.

OVERLAPPING EVENTS. As the programs of the Convention is very
dense, we would like to estimate the number of overlapping events within
a program of the convention. By the overlapping events we understand
the simultaneously happening events. In order to etimate this mea-
sure, we divide a day into 15-minute timeslots. An event is considered
to occur within a timeslot, if the time window of its availability is par-
tially or fully covered by the timeslot. For each timeslot, we calculate

the number of events occurring at it. We illustrate the number of over-
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Table 10.5.2: Number of editions the users have taken part in.

# editions 1 2 3 4 5

# users 27,451 5,007 1,923 1,001 714

lapping events in a form of a heatmap in Fig. 10.5.1 (a). We exclude
from the analysis the timeslots with no scheduled events. The average
number of parallel attivities is 37. The maximum number of parallel
events is 112 and was attained on the 3rd day of 2016 edition during

the timeslot 16h15-16h3o0.

Users HisToRy.  All recommendation algorithms use users historical
data for making predictions about the users preferences in future. Thus,
it is interesting to see, if the users in DEvIR have multi-year data. Due
to the high popularity of the Convention, many attendees return to the
next editions of the convention. Table 10.5.2 summarises the number
of users participation in different editions of the Convention. It can be
noted that more than 700 users have taken part in all the editions of the

Convention, according to the collected data.

USER’S ATTENDANCE OF EVENTS

To getanidea about the user’s selection of events, we focus on user-item
interacions, which in our case is user’s attendance of events. As it could
be seen in Tab. 10.3.1, the Convention program is very rich in events.
However, one can note that among all the possible options, the users
select 23 events in average for the whole duration of the Convention
(see Tab. 10.3.1). The attendance of events is not uniform over different

events. The variations of the number of RSVPs provided by users for
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Figure 10.5.2: Number of RSVPs per event per year.

10-1 4

10-2 4
102 4

10-3 4

1034
1074 §

-5 4
: ’E 1074 ’E
1076 4
107° 4
T T T T T T T T
10° 10! 102 103 10° 10! 102 10°
(2) (b)

Figure 10.5.3: (a) Distribution of the number of events per user. (b) Distri-
bution of the number of attendees per event.

events are depicted in Fig. 10.5.2.

The number of events per user follows the power-law distribution with
a = 3.841(seeFig. 10.5.3 (a))*. And the number of attendees per event
follows the power-law ditribution with @ = 2.253 (see Fig. 10.5.3 (b)).
In addition, Table 10.5.3 shows the average number of events selected
by users per day. It can be noted, that the distribution of the event selec-
tion by users is not uniform over the days. Thus, the average attendance

of the events reaches its peak on the third day, while the events of the

*For fitting, we used powerlaw Python package [3]
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Table 10.5.3: Mean and standard deviation of the number of events per user
per day.

1 2 3 4 5 6
2013 1.07 7.94 8.29 8.1 4.55 -

(043) (7.99) (819) (7.89) (4.51)
2014 1.0§ 9.01 8.82 8.22 4.52 -

(0.44) (9.25) (8.67) (7.93) (4.54)
201§ 1.0 1.19 9.6 9.51 9.16 4.46

(00)  (o7)  (9:66) (9.02) (88)  (43)

2016 1.14 9.12 9.34 9.12 4.6 -
(0.71)  (9.12)  (9.17) (9.05) (4.77)

2017 1.23 9.19 9.49 8.32 4.41 -
(0.65) (9.06) (9.16) (8.07) (4.29)

first day lack participants. This is due to the fact that the first day is not

a full day of the convention hosting only few events (see Tab. 10.5.1).

USER'S ATTENDANCE OF OVERLAPPING EVENTS. In Se&ion 10.5.1 we
have estimated the number of overlapping events. The question that
rises is if the users attend overlapping events. In order to estimate the
number of overlapping events, a user selects, we undertake a similar
procedure than for overlapping events. Thus, for each timeslot we cal-
culate the number of simultaneous events the users intent to take part
in. The results are presented in a form of a heatmap in Fig. 10.5.1 (b).
The average number of activities selected by a user in a given timeslot is
1.5. This characteristic together with the number of overlapping events
emphasise the selection problem faced by the users, since they tend to
select events that have a high probability to occur simultaneously. It is
to mind that we do not possess data about the users actual attendance

of events, knowing only their RSVP, so that the explicit preference of
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Table 10.5.4: Ratio of the user’'s events shared with friends to the total
amount of the user's events.

2013 2014 2015 2016 2017

0.161 0.140 0.159 0.145 0.126

one event over another for a given user is unknown.

EVENT ATTENDANCE WITH FRIENDS. DEVIR possess data about so-
cial links between the users, as the users may indicate their ‘friends’ In
DEVIR, 5,150 users out of 36,100 have listed at least one friend (re-
ferred to as ‘users with friends’). The maximum number of friends is
108, while the average number of friends per user is 3.54 (among users
with friends). For the users with friends, we have estimated the ratio of
events shared with their friends to the total amount of the user’s events
(Tab 10.5.4). Note that only 15% of the users events get RSVP from the

user’s friends.

10.5.2 USE FOR RECOMMENDATION

In the previous section, we have given several characteristics of the data
in DEvIR. In this Se&ion, we focus on the use of DEVIR for event rec-
ommendation. We mirror a realistic recommendation scenario where
for each user we generate an ordered list of events. Recommendations
are calculated on a daily basis, i.e. for each day of a convention edition.
In the experiments, we divide the data into train and test sets by adapt-
ing the evaluation protocol suggested in [72] as follows. The train set
includes the 4 editions of 2013-2016 available in DEvIR. The test set

includes the data of 2017. As the recommendations are calculated on
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the daily basis, we gradually extend the training set with the data from

previous days, i.e. for the recommendation for the n* day, the users

profiles are modelled based on the users past events from the train set

and the days ranging in (1, n — 1). It has to be noted that 3,785 out of
9,000 users who expressed their interest in taking part in 2017 edition

have taken part in at least one previous edition of the convention. For
the users who have previously attended the Convention, there exists

historical data, i.e. the past user-event interactions, that can be used to

create their profiles on the train set. We focus on these users.

In our experiments we use one non-personalised (Popularity-based)

and two personalised (Content-based and Category-based) recommen-

dation algorithms, that we describe in the following.

POPULARITY-BASED (PoP). Similarto [67], we rank the candidate events
in the descending order of their popularity, i.e. the number of users
who expressed their intention to join the event. It is a non-personalised

method.

CONTENT-BASED (CB). We represent each event using the bag-of-
words TE-IDF of their description, then we compute the cosine sim-
ilarity to estimate the similarity between upcoming events and a user’s

profile. We model a user’s profile #/ similar to [67], i.e.:

—)'_ 1 b
w-= Z (1 + a)r(e) X6

e€E,

where E, is the set of the user’s past events, e is an event representation

using TF-IDF, a is a time decay fa&or (we seta = o.o1similarto [67]),
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and 7(e) returns the number of years between the current events and
the user’s past events. The content-based score is therefore calculated
based on the cosine similarity between the current event and the user’s

profile, i.e.:
sav(u, e) = cos(u, €).

CATEGORY-BASED (CAT). Each event is associated with a list of cate-
gories. The categories are organised into a 2-level hierarchy. Thus, we
distinguish between 12 main categories (i.e. the categories that are on
the top of the hierarchy, the attribute parent_1link is null) that we
denote C,4in and 453 child categories, denoted C 14 . We represent each
event as a1 X 465-dimension binary ve&or of categories cat(e). We

model a category-based user’s profile as follows:

1

= agg.cE, (m X cat(e)),

where E,, is the set of the user’s past events, agg denotes an aggregation
fun&ion (we used the mean in our experiments), cat(e) is a vector com-
posed of (1) catyain(e), i.e. the elements of the main-category ve&or of

the event ¢, and (2) Tgt;i‘;d(i‘;)‘ , where cat,j,;;4(e) denotes the elements of

the child-category vector of the event e, |Cii4(e€) | denotes the number
of child categories that the event e is assigned to, a is a time decay fac-
tor (we set @ = o.01 similar to [67]), and 7(e) returns the number of
years between the current events and the user’s past events.. Generally
speaking, such representation of the user’s profile reflects the weighted
frequency of the categories of the events attended by the user in the

past. The category-based score is then calculated based on the cosine
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Table 10.5.5: Results of the three considered recommendation techniques in
terms of Precision@10.

Day:1 Day2 Day3 Day4 Daygs

Pop o0.0118 0.0568 0.0767 0.0756 0.0428
Cat 0.0138 0.0376 0.0§51 0.0531 0.0489
CB 0.0095 0.0312 0.0557 0.0543 0.049§

similarity between the current event and the user’s profile, i.e.:

Seat(th, €) = cos(u, €).

We use the Precision at rank k (PQk) as the evaluation metric.

Table 10.5.5 presents the precision PQ10 of the recommendation algo-
rithms on the DEvVIR dataset. As it can be seen, the precision is rather
low, but there exists a positive trend with the increase of the number
of historical days. This can be explained by the sparsity of data. More-
over, the low precision of the Day 1 can be explained by alow number of
events and weak attendance on the first day, which is coherent with the
statistics given in Table 10.5.1-10.5.3. In contrast, the highest precision
is reached on Day 3. It can be explained by the highest number of the
events available on this day, and the highest attendance of the events
(see Table 10.5.1-10.5.3). Another surprising finding is the importance
of the popularity factor, as popularity-based method outperforms the
others for Days 2-4.

However, the top-kresults retrieved by the algorithms mentioned above
do not take into account the time availability congtraint, i.e. they do not
deal with conflicts when two or more recommended events are hap-

pening simultaneously. In the context of a distributed event, time con-
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straints and limited availability of events become crucial. Therefore, it

is relevant to congtruct personalised itineraries of events.

10.6 SUMMARY

In this Part, we have presented an overview of the datasets that could be
used for evaluation of approaches for recommendation of sequences of
spatial items. We have identified a lit of desirable features of a dataset
(requirements) for a better solution modelling and evaluation. More-
over, we have investigated the compliance of the existing datasets to
these requirements. Our analysis has shown that there is room and
need for datasets for sequence recommendation, in particular during
distributed events, as the users behaviour is different when planning
several day activities.

Therefore, we have created two datasets for recommendation of a&iv-
ity sequences, namely Fantasy db and DEvIR, that satisfy the require-
ments. Both of these datasets reflect an actual scenario of users atten-
dance of a distributed event.

We have constructed Fantasy_db based on a user study. Its applica-
tion scenario is users participation in a 7—night cruise. Our analysis of
the data has shown that there is

Though this dataset satisfies the requirements and can be used for eval-
uation of our approach for recommendation of activity sequence, it is
rather small in size. Therefore, a larger dataset is needed to insure a bet-
ter evaluation of the proposed approach.

Therefore, we have created a dataset called DEVIR based on a crawl of

the website of a big distributed event, namely Comic-Con International
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San Diego, one of the largest comic book conventions. DEvIR over-
comes the size limitation of Fantasy db, while satisfying the require-
ments. We have presented its collection process and have discussed its
use for reccommendation. The main limitation of DEvVIR lies in the fact
that user-item interaction are given in form of RSVP, and we do not
possess the data about the users actual attendance of the events.

We have performed the evaluation of our proposed approach ANAS-
TASIA on both datasets, Fantasy _db and DEvIR. We describe itin Chap-

ter11.
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PartlIV

Evaluation: ANASTASIA on
Fantasy db and DEvIR
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Clest une folie de hair toutes les roses parce que une épine vous a
piqué, dabandonner tous les réves parce que l'un d'entre eux ne
sest pas réalisé, de renoncer a toutes les tentatives parce qu'on a
échoué... Iy aura toujours une autre occasion, un autre ami,
un autre amour, une force nouvelle. Pour chaque fin il y a tou-

jours un nouveau départ.

Antoine de Saint-Exupéry,‘Le Petit Prince”

Evaluation
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11.4.1 Temporal splitting: selectionof 7 . . . . ... .. 200

11.4.2  Subsetting user-item data with respecttor . . . . 202
11.4.3 DEvIR:observations . ... ........... 202
11,5 Summary . ..o oo 204

We have evaluated the quality of our proposed approach ANASTASIA
(see Part Il of the Thesis) for recommendation of personalised itineraries
(sequences of activities) during distributed events. Given past user-
items interactions (binary indications of the user’s participation in ac-
tivities), we measure how well our algorithm predics user’s future par-
ticipation in activities based on the itineraries constructed for each day
of a distributed event. In this Chapter, we describe the evaluation pro-
tocol that we have set up for the evaluation of ANASTASIA. We report
the experimental results of ANASTASIA when applied to Fantasy db
and propose an evaluation protocol and preliminary results for DEvIR.

These two datasets have been described in Part III of the Thesis.

Roadmap. This Chapter is organised in the following way. We start
with describing a general evaluation protocol for assessing the quality
of a solution for the problem of recommendation of activity sequences
during distributed events (see Section 11.1). Next, in Section 11.2, we
determine a particular settings used for the evaluation of our proposed
approach ANASTASIA on Fantasy db. Section 11.3 provides the ex-
perimental results. In Section 11.4, we propose the settings for evalua-
tion of ANASTASIA on DEVIR, we describe the preliminary observa-
tions and results, together with the faced difficulties.
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Figure 11.1.1: Data partitioning.

11.1  EVALUATION PROTOCOL

We perform offline evaluation of ANASTASIA, our solution approach
for recommendation of short-term activity sequences during distributed
events. We aim at reflecting the real application scenario of a user’s at-
tendance of a distributed event which is organised in some place during
several days. Therefore, we suggest to follow the procedure described

below.

11.1.1 DATA PARTITIONING

We start with data partitioning (see Fig. 11.1.1). The splitting to train
and test sets is performed based on temporal criterion, as follows. The
user-item interactions are ordered according to the their timestamps,
or if the timestamps are not available, according to the time windows
of availability of the items. We then select a temporal threshold 7, that
determines the partitioning,

Thus, the interactions with activities that happened before 7 are consid-
ered past (historical) data, and the corresponding activities are consid-

ered as past activities. These users interactions constitute then the train
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set. Similarly, the activities that take place after 7 are considered future
activities, and the corresponding interactions are considered unknown.
The latter form the train set. By varying the parameter 7, we simulate

the actual time flow.

11.1.2 MODEL LEARNING AND ASSESSMENT

Once the splitting is performed, the models can be learnt on the pastin-
teractions (see Fig. 11.1.2). For each ¢plitting defined by the parameter
7, we construct the users profiles and estimate the transition probabili-
ties between items for each target user, based on the users past interac-

tions.

ESTIMATION OF THE PERSONALISED SCORES

The estimation of the personalised scores is performed for each type of
scores using two strategies, as described in Section 7.2 of Chapter 7.
We evaluate the accuracy of predictions delivered using the scores, and
its combinations for each remaining days of the distributed event in test
set, depending on the parameter 7.

We evaluate the approach in terms of the accuracy of the estimated scores
of activities using four standard accuracy metrics, namely: Mean Aver-
age Error (MAE), Root Mean Square Error (RMSE), Precision at rank
k[106] and Area under the ROC-curve (AUC). The rank k of Precision
was defined for each user and set to the average number of daily activi-
ties performed by a given user in the past days. The motivation behind
such a setting lies in the fact that different users have different density
of activities. The lower values of MAE, RMSE and the higher values of
Precision and AUC are the better.
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Figure 11.1.2: Model learning on the 'past activities' for estimation of per-
sonalised scores of activities and transition probabilities between activities.
Learnt models for estimation of personalised scores of activities are then ap-
plied to the 'future activities'.

ITINERARY CONSTRUCTION

After estimating the personalised scores of future activities and the tran-
sition probabilities between them, we construct resulting sequences/
itineraries using ANASTASIA. The itinerary construction is performed
for each day of the distributed event, one itinerary per day. We com-
pare the itinerary construction part of ANASTASIA, that we denote
ILS TP (see Section 7.4), against ILS, a state-of-the-art algorithm for
solving TOPTW (see Secion 6.3.3). We assess the precision of the re-
turned sequences of activities with respect to the ground truth values

of user-item interactions.

11.2 EXPERIMENTAL SET-UP

In this Se¢tion, we describe concrete set-ups that we have made for eval-

uation of ANASTASIA on Fantasy _db.
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11.2.1 TEMPORAL SPLITTING: SELECTION OF T

Fantasy db contains data about cruise a&ivities for 7 days. In our eval-
uation procedure, we vary the parameter 7 of the temporal $plitting from
1 to 6. In this case, it reflects the number of history days. Thus, if 7 = 1,

we construct the itineraries for the remaining 6 days.

11.2.2 GENERATION OF CHECK-IN DATA

First, we identify some of the settings for the estimation of transition
probabilities between activities. As we have described in Section 7.3,
the first step in estimation of the transition probabilities consists in iden-
tifying the user’s sequences. Our datasets do not provide timestamped
data. Therefore, we have generated ‘check-in’ time of a user at an activ-
ity as a random variable in the range of [t;, t, — §], in accordance with
‘Activity completion constraint. We need this data, as the time windows
of many activities in the datasets allow to perform it at different time.

In order to identify, the consecutive activities of a user, we have selected
the time threshold of 15 minutes. We have set up such value, as it cov-
ers the travelling time between most of the locations of activities and is

superior than a duration of the shortest a&ivity (10 minutes).

11.2.3 DISTANCE AND TRAVEL TIME BETWEEN LOCATIONS

In order to constru& an itinerary, we need the data about the travel time
between the locations of activities. As we have described in Chapter 9,
the activities in Fantasy db may take place in locations of two types:
indoor (on-board) and outdoor (i.e, Castaway Cay). For the outdoor

environment, we have queried Google Maps to get geographical coor-
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https://disneycruise.disney.go.com/ports/castaway-cay/
https://www.google.com/maps

dinates. As for the indoor environment, the 3D coordinate system has
been applied. In order to calculate the distance and the travel time from
an outdoor point to an indoor point or vice versa, the following dis-
tances has been considered: the distance from an indoor point to the
gangway, and the distance from a ship arrival outdoor point to an out-
door point. The distance has been measured in meters.

The constant pace is considered, giving that an average pace of walking
is 54.6m/min (or 179.1ft/min). And in the used coordinate system 1
unit is equal to 0.1132m (or 0.372ft). We use the following formula in

order to calculate the distance between two locations:

dist(l, ) = \/x; + 3} +2/2]z = zjl /30 + /27 + 7,

where (x, y, z) are the coordinates of locations. /2 is used due to the
assumption that the angle of the stairs is equal to 45. |z; — zj| /30 deter-
mines the number of levels between the locations in accordance with

the assumption ‘Moving around in space’ described in Section 6.2).

11.3 RESULTS

We have implemented ANASTASIA using Python 3. In this section,
we report the obtained experimental results. In accordance with the de-
fined evaluation protocol, we first assess the prediction of personalised

scores of a&tivities and then, the prediction of itineraries.

11.3.1  EVALUATION OF PREDICTION OF PERSONALISED SCORES

Firgtly, we evaluated the accuracy of obtained activities scores (see Fig,

11.3.1). It can be seen that the exploitation of multiple factors increases
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Figure 11.3.1: Values of evaluation metrics of the quality of activities score
estimation by ANASTASIA on Fantasy_db.

the predictive power of the model. Thus, the Hybrid scores outper-
form the others in terms of precision and AUC, while having the sec-
ond result in terms of MAE. It can be noticed that the performance is
enhanced when using the Strategy 2 (the dash lines in the plots). These
results were expected since Strategy 2 applies the enrichment of histor-
ical data. We can see that considering 2 history days and more dos not
affect much the performance of the algorithms.

We find that the results reflect well the users’ intentions, in particular
the Hybrid score-Strategy 2.

Thus, we selected Hybrid scores under Strategy 1 and 2 for the next
evaluation step. We used them as input data for ILS and ILS_ TP algo-
rithms. We varied the number of history days from 1 to 6.
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Table 11.3.1: Improvement of ILS_TP over ILS in terms of precision, %

History Days 1 2 3 4 s 6  Average
Strategy 1 6.1 3.4 6.5 6.2 9.9 11.3 7.4
Strategyz 25.0 10.3 4.4 13.§ 14.3 11.3 13.5

11.3.2 EVALUATION OF RECOMMENDATION OF ITINERARIES

The obtained results show that incorporating the transition probability
into the itinerary construction improves the performance. Thus, the
average improvement of ILS TP over ILS is 7.3% for Hybrid score-
Strategy 1 and 14.1% for Hybrid score-Strategy 2 (see Tab. 11.3.1). The
variations of performance w.rt. the number of history days could be
explained by the introduction of transition probabilities that are com-
puted over the users’ past experience. Table 11.3.2 provides an example

of arecommended itinerary.

11.4 PROPOSAL OF AN EVALUATION PROTOCOL FOR DEVIR

The general evaluation framework for DEVIR remains the same than
the one we have described in Section 11.1. In this Section, we propose
the settings for the evaluation on DEvVIR.

In accordance with the protocol described above, in order to identify
the sequences in the users historical data, we suggest to generate the

check-in data as described in Se&ion 11.2.2.

11.4.1 TEMPORAL SPLITTING: SELECTION OF T

DEvVIR contains data about events at five editions of Comic-Con Inter-
national: San Diego 2013-2017. In our evaluation procedure, we sug-

gest to select the year 2017 to be the test year, and we further vary the
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Table 11.3.2: An example of itinerary. The first column corresponds to the
availability time window of an activity, the second one shows the activities
list, and in the last one the duration of an activity is given. Italics indicates a
match with the Ground Truth.

Time window  Activity Duration, min
7:00 - 7:30 Yoga 30
8:30-9:00 Jake & The Neverland Pirates 30
9:15-9:30 Minnie. Princess 10
10:00 - 10:30  Magic Workshop 30
11:00-11-15  Bingo Pre-Sales. $10,000 Mega Jackpot 10
11:00-11:30  Captain’s Signing 10
11:30-12:00 1820 Society: Brunch 30
12:45-13:15  Character Dance Party 30
13:15-13:45 Chinese Herbs 30
14:00 - 14:30  Towel Folding 30
15:45-16:15  Bingo Pre-Sales. Final Jackpot 10
16:15 - 17:00  Bingo: Final Jackpot 45
17:00 - 18:00  Professional Portraits 10
17:00 - 18:00  Talent Show Rehearsals 45
18:15-19:00  Disney’s Believe 45
19:15-20:30  Professional Portraits 10
19:30 - 20:00  Mirror Mirror 25
21:30-22:30  Professional Portraits 10
21:45-22:15  Mirror Mirror 25
22:15 -22:45  Club New Year’s Eve 20
23:00-23:30  The Comedy & Magic of David Williamson 30
23:30-00:00 FireLites LIVE 30
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Figure 11.4.1: lllustration of temporal splitting for DEVIR.

parameter 7 from o to 4, as the number of days of the Convention in
2017 is 5 (see Fig. 11.4.1). The number of target days for recommen-

dation will vary from s to 1 accordingly.

11.4.2 SUBSETTING USER-ITEM DATA WITH RESPECT TO T

For the evaluation purpose, we propose to select a subset of data from
DEVIR with respect to 7, as follows. We sele¢t user-item interactions of
the users, for whom there exist user-event pairs in 2017, and who have

historical data. Thus, the number of users we consideris 2218.

11.4.3 DEVIR: OBSERVATIONS

When the score calculation is applied to DEvIR dataset, the results with
respect to the accuracy metrics are rather low (see Tab. 11.4.1). One of
the possible reasons behind such accuracy lies in the fact that DEvVIR
dataset contains data about the users attendance of events with 6.25

events per user day in the average (see Tab. 9.2.2). However, when
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Table 11.4.1: Prediction accuracy results of ANASTASIA on DEvVIR, PQio

and AUC.
Method  Strategy | History days, 7 || History days, 7
o) 1 o 1
| PG | AUC
Cat_freq I 0.064 0.076 || 0.602  0.59
Cat_freq II 0.032 0.065 || 0.763 0.581
Cat_sim I 0.052 0.058 || 0.571  0.549
Cat_sim II 0.003  0.027 0.78 0.494
Cb_pos I 0.014 0.01 0.519 0.486
Cb_pos II 0.01 0.015 || 0.501 0.§515§
Cb I 0.013 0.011 0.495 0.46
Cb 1I 0.01 0.013 0.472 0.5
Time I 0.02  0.021 | 0.499 0.5
Time II 0.019  0.02 0.499 0.5
Hybrid I 0.02§5 0.022 || 0.§33 0.502
Hybrid II 0.03 0.038 || 0.299 0.526
LogReg I 0.053 0.06 0.567 0.548
LogReg 1I 0.005  0.035§ 0.648 0.534

evaluating the recommendation of activities, more activities per user
are considered. We may also state that the traditional accuracy metrics
may be not the best suited for this kind of recommendation task.

We can also note, that Strategy Il improves a bit the results for content-
based methods (Cb_pos, Cb) and Hybrid method starting from one
history day, while decreasing the accuracy for category-based method,
both in terms of precision and AUC. However, on Fantasy db it has
gave a significant improvement. This may be due to the fac that in the
case of the category-based methods, Strategy II reinforces te selection
on the first step which may be not very accurate as described above. It
is also to note that Strategy I makes the estimation of the scores slower,

due to the user’s profile enrichment procedure.
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The difference in the results in terms of accuracy on two datasets are
due to the data they contain. Thus, Fantasy db contains data about
custom itineraries of the users, while DEVIR contains the data on the
users RSVPs.

More investigations are needed. The present work serves the starting

point for a new and ongoing research project running in the team.

11.§ SUMMARY

In this Chapter, we have presented the evaluation of our proposed ap-
proach ANASTASIA for recommendation of activity sequences dur-
ing distributed events. We have performed the offline evaluation on a
dataset of attendance of distributed events, Fantasy db and have pro-
posed an evaluation procedure for DEVIR dataset. Thus, this Chapter
unites three contributions of this Thesis. C2 C3-1 C3-2

The obtained experimental results have shown that our proposed solu-

tion overperforms the state-of-the-art optimisation algorithm.
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PartV

Conclusions and Perspectives
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Conclusions and Perspectives

12.1  SUMMARY AND CONTRIBUTIONS

In this Thesis, we have conducted a study on recommendation of se-
quences of spatial items. First, we have surveyed the state-of-the-art on
recommendation of spatial items with a special focus on recommenda-
tion of $patial sequences. This study has allowed us to identify the char-
acteristics of the problem in order to well define it, providing a concep-
tual basis for the work. Moreover, we determined the research direc-
tions to investigate.

Our main interest concerns the recommendation of sequences of activ-
ities during digtributed events (e.g. festivals, conventions, cruise trips,

etc.). From the perspe&ive of leisure a&ivities, the undertaken concep-
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tual direction of the Thesis helps in better understanding and providing
more insight into the process of selection of leisure activities by individ-
uals. We have investigated different types of influence from the state-
of-the-art solutions that may impact the user’s interest in an item, and
proposed their classification. Moreover, we have provided an overview
of available datasets and have discussed their use for recommendation
of sequences of activities. The conceptual direction of the Thesis has
been extensively described in Part L.

We then focused on practical axis of the work. We have proposed and
developed anovel approach for recommendation of personalised itineraries
during distributed events, that we call ANASTASIA, presented in Part
IT of the Thesis. ANASTASIA makes use of users behavioural patterns
to construct the planning of events that best suit users constraints and
preferences. It is a hybrid approach that integrates categorical, tempo-
ral and textual scores of user’s interest in an activity. Based on the esti-
mated scores of activities and the extracted behavioural patterns a per-
sonalised itinerary is constructed. This approach follows the two-step
set-up, used in recommendation of sequences of spatial items, treating
the initial problem on two stages, namely: the estimation of person-
alised score of activities and the congtruction of the itineraries. The
main novelty of the proposed approach lies in the integration of the se-
quential influence on this general two-step methodology. The sequen-
tial influence is modelled as the transition probabilities between activi-
ties, estimated based on the extracted behavioural patterns. These tran-
sition probabilities are incorporated on the itinerary construction step,

while the algorithm is iteratively seeking for the best insertion to make.
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Another branch of the practical dire&ion of this Thesis concerns the
construction of the test collections that are well-suited for the recom-
mendation of activity sequences during distributed events, reflecting
the real application scenarios (see Part III). We have identified the char-
acteristics of the data exploited by activity sequence recommendation.
Among the ligt of 14 characterigtics, we distinguish s core ones: (1)
time windows (start and end time of acivity), (2) coordinates (geo-
graphical location of an ativity), (3 ) service time (duration of an aciv-
ity), (4) categories, and (5) users historical data. We used these char-
acteristics as the basis in the process of dataset creation.

We first conducted a user study on the user’ participation in the activ-
ities on-board of a cruise. The main aim of the study was to simulate
cruise attendance and create a dataset that could be used for person-
alised itinerary construction. Participants were recruited via a link to
the online questionnaire sent by email to several research mailing lists.
This user study has resulted in a test collection that we call Fantasy db,
which is described in Chapter 9. This dataset has provided some in-
sights into the activity selection problem, and was used for the valida-
tion of ANASTASIA. However, the main limitation of Fantasy db is
its rather small size. In order to overcome this limitation, we have con-
struced another dataset, to which we refer to as DEvIR.

To obtain the DEvIR dataset that can be used as is, we have crawled
the website of the comic book convention. DEVIR contains the event
programs 2013-2017 and the pre-selection of the program events made
by participants, more precisely the following entities: events, locations,

categories, tags, event-user, user-user, event-categories, event-tags. We
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have present the characteristics of the collected data and discussed its
usability for evaluating recommendation algorithms in Chapter 10. We
have used Fantasy db for validation and evaluation of ANASTASIA.
We have also proposed an evaluation protocol for DEvIR, and have dis-
cussed some of the observations that we have made after applying ANAS-
TASIA onit.

12.2 PERSPECTIVES

This Thesis presents novel aspects of recommendation of sequences of
spatial items, with the special focus on recommendation of a&tivity se-
quences during distributed events. There are several open research di-
rections that we could not cover in the Thesis but that seem promising.

We highlight them here.

12.2.1  CoLD START AND USER’S PSYCHOLOGICAL PROFILES

Recommendation of sequences of spatial items is rather closed to the
event recommendation. Both these recommendation problems sufter
from the cold-start problem. Recently, the research community in the
field of recommender system has gotten interested in psychological as-
pects of recommendation and how user’s psychological profiles can be
used in order to alleviate the cold-start problem [51], improve the rec-
ommendation accuracy [ 55] and helps to eliminate the cold-start prob-
lem. Thus, personality-based method have been successfully applied to
the movie [ 55] and music [ 51] recommendation domains. However,
no work has been done in the domain of leisure activities/event recom-

mendation and activity sequence recommendation.
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Thus, investigating the impact of psychological profiles of individuals
on the selection of leisure activities is an interesting research direction.
We foresee three parts of such work, namely: (1) implicit acquisition
of users’ psychological profiles from their selection of leisure activities,
(2) estimation of user’s interest scores based on his/her psychological
profile, (3) incorporation of these scores into a hybrid event recom-
mendation model.

During this Thesis, we have performed a user study aiming at investi-
gate the correlations between the psychological profiles of individu-
als and their selection of leisure activities. Thus, we suggested to ex-
tend the considered psychological profiles of users (that often consist
of the user’s personality in literature) by focusing on the following di-
mensions: (1) Orientations to Happiness (OTH) [87]; (2) Bigs Per-
sonality traits (Bigs) [70]; and (3) Fear of Missing Out (FoMO) [88].
We have reported some of the results of the conducted tudy in [80].
The full questionnaire used within the study is given in Appendix B.
The main objecive of the further work would be study the use of psy-
chological profiles in order to alleviate the cold-start problem and im-
prove the recommendation quality in terms of precision and beyond-
precision metrics (i.e. serendipity and diversity).

Another step would be to investigate the impact of psychological pro-

files on activity sequences.

12.2.2 SATISFACTION WITH RESPECT TO A SEQUENCE OF ACTIVITIES

State-of-the-art algorithms for recommendation of sequences of spatial
items usually assume that the satisfaction a user gets from experiencing

items is independent, without considering previous or alter experience.
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Moreover, when it comes to the estimation of overall satisfaction with a
sequence, for the sake of simplicity, it is often considered that the overall
satisfaction may be calculated as a sum of satistaction with each of the
items forming this sequence. Thus, an interesting dire¢tion of future
work consists in exploring the interdependence of activities within a

sequence in terms of satisfaction a user gets (e.g. [69]).

12.2.3 MULTIPLE INTERACTION TYPES

Most of the recommendation methods consider a single type of user-
item interactions, e.g. graded rating, binary visit, rsvp, etc. However,
in real scenarios the individuals may express their intent in joining an
event by providing the corresponding rsvp on event-based social net-
work, but finally not go. The contrary is also possible. Though, some of
the methods may take into account multiple signals, this problem has
not received much attention yet. This may be partially due to the lack
of publicly available data. One may also explore how to better combine

multiple interactions types using aggregation operators [68].
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Appendix. Questionnaire for Fantasy db

USER STUDY CAMPAIGN'

The aim of this questionnaire is to create a preliminary dataset that could
be used in order to make personalised recommendations of itineraries.
The survey consists of four parts. The first one deals with user’s features
and experience. The second part aims to learn the preferences of the
user by asking to evaluate the list of activities. In the third one, users are
asked to create daily itineraries by selecting activities. And the fourth
part concludes the survey. The aim of this study is to better understand
what "factors” influence our choice of a&ivities to perform.

The list of a&tivities used in the survey is taken from the personal navi-
gators of Disney’s Fantasy 7-nights Eastern Caribbean cruise. Activities
dedicated exclusively for kids have been excluded from the current list
of a&ivities.

The original personal navigators can be found at:
https://bit.ly/2xArmVa

The deck plan of the ship can be found at:
https://bit.1ly/2xJ3Gu

'https://goo.gl/forms/dC3Ne8qmBrxdzVAU2
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The screenshot of Disney Cruise Line official permitting the use of the
personal navigators can be found at:

DCL email

PS: the data will be used only in academic purpose

Part I. User Profile

This part contains questions on basic user’s features and their experi-
ence.

Your gender:

Please, choose your gender.

O Female

O Male

Have you already experienced DCL (Disney Cruise Line)?
O Yes

O No

Have you tried any other cruise?

O Yes

O No

The type of group you were/are travelling with
Please, choose, the option that best describes you.

O Travelling alone

O Travelling with your significant other

O Travelling with a group of friends

O Travelling with family (i.e. different generations)

O Travelling with other group
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If you were travelling with a group, have you split to attend dif-
ferent activities or you mostly preferred to stay together?

O Always together
O Split exceptionally
O Split often

Dining Time

Please, select your dining time. PS: Details of your dining rotation and
timing are given on your dining tickets. Dining Rooms open at desig-
nated seating times and your table is reserved each night of your cruise.

O First seating: 17:45

O Second seating: 20:15

Optional Questions

Please answer the following questions if you already have experienced
a Disney Cruise Line. If you didn't, click on the button at the bottom of
this page and go to the next page.

Have you tried to manage the list of your onboard activities?
Taking into account the great variety of parallel activities and other on-
board fun (e.g. pool, sunbathing, digital detective quests, sports, etc.),
have you tried to plan your daily itinerary?

O Yes
O No

Were/Are you aiming to attend the maximum amount of activ-
ities mentioned in your Personal Navigator or just a few must-
see?

O Maximum
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O Justafew

What “guidance” have you followed while choosing the onboard
activities?

Please, select the options that best describe you. Multiple choice is pos-
sible

O Cruise DireGtor’s recommendations

O Personal Navigator - Don’t Miss

O Your past experience

O Recommendations from your dining table-mates
0O Recommendations from cruise staff

O Whatever seems interesting for you

Taking into account the great variety of parallel activities and
other onboard fun (e.g. pool, sunbathing, digital detective quests,
sports, etc.), have you experienced any trouble of choice?

O Yes

O No

PART II. USERS PREFERENCES

This part aims to learn user’s preferences based on user’s evaluation of
aligt of proposed activities (category-based)

Funnel Vision

"Funnel Vision” is a LED screen attached to the forward funnel facing

rearward on the Deck 11.
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Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

A Bug’s Life (G). | Never OOOOOWon't miss

Available: Day 3,20:15-21:45, Location: Funnel Vision

Alice in Wonderland (PG). | Never OOOOOWon't miss
Available: Day s, 08:30-09:45, Location: Funnel Vision

Brave (PG). | Never OOOOOWon't miss

Available: Day 2, 15:30-17:00, Location: Funnel Vision

Available: Day 7, 14:00-15:30, Location: Funnel Vision

Brother Bear (G). | Never OOOOQOWon't miss

Available: Day 1, 20:00-21:15, Location: Funnel Vision

Buccaneer Blast & Club Pirate. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Fireworks

Available: Day 4, 22:30-23:30, Location: Funnel Vision

Cinderella (Classic) (G). | Never OOOOOWon't miss

Available: Day 3, 16:30-17:45, Location: Funnel Vision

Disney Channel on Deck (G). | Never OOOOO Won't miss
Description: Don’t change that channel! It’s time for a Disney Chan-
nel afternoon poolside! Your Cruise Staft will host and exciting day of
games and contests in between your favourite Disney Channel shows!
So sit back, relax, and enjoy the sun!

Available: Day s, 16:15-16:45, Location: Funnel Vision
Disneynature Oceans (G). | Never OOOOO Won't miss
Available: Day 3, 22:00-23:30, Location: Funnel Vision

Dumbo (G). | Never OOOOOWon't miss

Available: Day 2, 21:00-22:00, Location: Funnel Vision

Enchanted (PG). | Never OOOOOWon't miss

Available: Day 2, 22:30-00:00, Location: Funnel Vision

Fantasia (G). | Never OOOOOWon't miss

Available: Day 7, 22:00-00:00, Location: Funnel Vision
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Finding Nemo (G). | Never OOOOOWon't miss

Available: Day 2, 08:30-10:15, Location: Funnel Vision

Available: Day s, 20:15-22:00, Location: Funnel Vision

Frozen (PG). | Never OOOOOWon't miss

Available: Day 6, 22:00-23:30, Location: Funnel Vision

Available: Day 7, 10:00-11:45, Location: Funnel Vision

Hercules (G). | Never OOOOOWon't miss

Available: Day s, 11:45-13:15, Location: Funnel Vision

Lady and the Tramp (G). | Never OOOOOWon't miss

Available: Day 7, 12:15-13:30, Location: Funnel Vision

Lilo & Stitch (PG). | Never OOOOOWon't miss

Available: Day 7, 08:30-10:00, Location: Funnel Vision

Mickey’s PiTC (G). | Never OOOOOWon't miss

Available: Day 4, 19:45-20:15, Location: Funnel Vision

Monsters, Inc. (G). | Never OOOOOWon't miss

Available: Day 3, 10:15-11:45, Location: Funnel Vision

Movie Challenge Poolside. | Never OOOOOWon't miss
Description: So you like movies? And you like bingo? This deck party
has them both! Come on out to catch all your favorite movie clips and
just maybe your team will win the opportunity to choose the movie
played by the pool today!

Available: Day 2, 12:30-13:30, Location: Funnel Vision

Movie Prem Ear: Teen BeachMovie 2 (TV-G). | Never OOOOOWon't
miss

Available: Day 7, 20:00-21:15, Location: Funnel Vision

Mulan (G). | Never OOOOOWon't miss

Available: Day s, 10:00-11:30, Location: Funnel Vision

Muppet Treasure Island (G). | Never OOOQOO Won't miss
Available: Day 4, 20:30-22:15, Location: Funnel Vision

Peter Pan (G). | Never OOOOOWon't miss

Available: Day 4, 16:00-17:15, Location: Funnel Vision

Pirates of the Caribbean I (PG-13). | Never OOOOOWon't miss
Available: Day 4, 23:30-00:15, Location: Funnel Vision
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Pixar Short Films (G). | Never OOOOOWon't miss
Available: Day 2, 19:30-20:45, Location: Funnel Vision
Ratatouille (G). | Never OOOOOWon't miss

Available: Day 2, 17:15-19:00, Location: Funnel Vision

Robin Hood (G). | Never OOOOOWon't miss

Available: Day 3, 18:00-19:00, Location: Funnel Vision

Snow White and the Seven Dwarfs (G). | Never OOOOOWon't
miss

Available: Day s, 13:45-15:15, Location: Funnel Vision

Star Wars Rebels: Disney Channel XD (G). | Never OOOOOWon't
miss

Available: Day s, 15:15-16:00, Location: Funnel Vision
Available: Day 6, 14:15-15:00, Location: Funnel Vision

Tangled (PG). | Never OOOOOWon't miss

Available: Day 3, 12:45-13:45, Location: Funnel Vision

Tarzan (G). | Never OOOOOWon't miss

Available: Day 1, 17:45-19:00, Location: Funnel Vision

The Aristocats (G). | Never OOOQOO Won't miss

Available: Day s, 18:30-20:00, Location: Funnel Vision

The Emperor’s New Groove (G). | Never OOOOOWon't miss
Available: Day 7, 18:00-19:00, Location: Funnel Vision

The Incredibles (PG). | Never OOOOOWon't miss
Available: Day 4, 14:00-16:00, Location: Funnel Vision

The Jungle Book (G). | Never OOOOOWon't miss
Available: Day 3, 08:30-09:30, Location: Funnel Vision

The Lion King (G). | Never OOOOOWon't miss

Available: Day 6, 15:15-16:45, Location: Funnel Vision

The Little Mermaid (G). | Never OOOOOWon't miss
Available: Day 6, 12:15-13:45, Location: Funnel Vision

The Muppets (PG). | Never OOOOOWon't miss

Available: Day 6, 17:15-19:00, Location: Funnel Vision

The Princess and the Frog (G). | Never OOOOOWon't miss
Available: Day 1, 22:00-23:45, Location: Funnel Vision
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Tinker Bell (G). | Never OOOOOWon't miss
Available: Day 6, 08:30-10:00, Location: Funnel Vision
Toy story (G). | Never OOOOOWon't miss
Available: Day 2, 10:15-11:30, Location: Funnel Vision
Toy Story 2 (G). | Never OOOOOWon't miss
Available: Day 6, 10:15-11:45, Location: Funnel Vision
Toy Story 3 (G). | Never OOOOOWon't miss
Available: Day 7, 16:00-17:45, Location: Funnel Vision
Up (PG). | Never OOOOOWon't miss

Available: Day s, 22:00-23:30, Location: Funnel Vision
WALL-E (G). | Never OOOOOWon't miss
Available: Day 6, 20:00-21:45, Location: Funnel Vision
Wreck-It Ralph (PG). | Never OOOOOWon't miss
Available: Day 3, 14:45-16:30, Location: Funnel Vision

Buena Vista Theatre

“Buena Vista Theatre” is a grand movie theatre that boasts Art Deco
splendor, inspired by the golden age of cinema. Disney Cruise Line
was first to introduce 3D movies aboard its ships, adding a whole new
dimension in entertainment. Show times occur throughout the day,
making it possible to plan a full day of activities and still catch a movie
or two. From blockbusters to Disney classics, see a movie in state-of-
the-art comfort—and style. (https://disneycruise.disney.
go.com/onboard-activities/buena-vista-theater/)
Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

Avengers: Age of Ultron (PG-13). | Never OOOOOWon't miss
Available: Day 2, 17:00-19:22, Location: Buena Vista Theatre
Available: Day 2, 20:00-22:22, Location: Buena Vista Theatre
Available: Day s, 15:00-17:22, Location: Buena Vista Theatre
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Available: Day s, 22:30-00:52, Location: Buena Vista Theatre
Available: Day 6, 10:45-13:07, Location: Buena Vista Theatre

Big Hero 6 (PG). | Never OOOOOWon't miss

Available: Day 2, 08:30-10:18, Location: Buena Vista Theatre
Available: Day s, 10:30-12:18, Location: Buena Vista Theatre
Cinderella (2015) (PG). | Never OOOOOWon't miss

Available: Day 3, 22:30-00:22, Location: Buena Vista Theatre
Available: Day 4, 14:30-16:22, Location: Buena Vista Theatre
Available: Day 6, 17:30-19:22, Location: Buena Vista Theatre
Available: Day 6, 20:15-22:07, Location: Buena Vista Theatre
Disney’s Behind the Scenes: Frank Paris. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Come learn about Walt Disney Imagineering - how Imag-
ineers create magical places and experiences for their Guests. The pre-
sentation will also give insight as to what Walt Disney Imagineers are
currently working on.

Available: Day 3, 14:00-15:00, Location: Buena Vista Theatre
Disney’s Behind the Scenes: Frank Paris. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Disney Springs is the newest one-of-a-kind shopping, din-
ing and entertainment experience at Walt Disney World. Frank will
share some of the wonderful and exciting experiences that will await
you in the years to come.

Available: Day 6, 14:00-15:00, Location: Buena Vista Theatre

Family Movie Fun Time: Inside Out (PG). | Never OOOOOWon't
miss

Description: Come join us for a $pecial opportunity to enjoy Inside Out
in the Buena Vista Theatre. We will leave some lights on and turn the
volume down as audience members are welcome to talk, leave their
seats, move about and (most importantly) have fun!

Available: Day 6, 08:30-10:12, Location: Buena Vista Theatre

Inside Out (PG). Event of the Day. | Never OOOOQOWon't miss
Description: Meet the little voices inside your head. Movie Special.
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Available: Day 3, 14:00-15:42, Location: Walt Disney Theatre
Available: Day 4, 17:30-19:12, Location: Walt Disney Theatre
Available: Day 4, 20:15-21:57, Location: Walt Disney Theatre
Available: Day 4, 23:00-00:42, Location: Buena Vista Theatre
Available: Day s, 12:45-14:27, Location: Buena Vista Theatre
Available: Day 6, 14:00-15:42, Location: Walt Disney Theatre
Available: Day 7, 13:45-15:27, Location: Buena Vista Theatre
Available: Day 7, 17:45-19:27, Location: Buena Vista Theatre
Available: Day 7,20:15-21:57, Location: Buena Vista Theatre
Available: Day 7, 22:45-00:27, Location: Buena Vista Theatre
McFarland, USA (PG). | Never OOOOQOWon't miss

Available: Day 3, 17:15-19:24, Location: Buena Vista Theatre
Available: Day 3, 20:00-22:09, Location: Buena Vista Theatre
Monkey Kingdom (G). | Never OOOOOWon't miss

Available: Day 1, 22:15-23:36, Location: Buena Vista Theatre
Available: Day 2, 15:15-16:36, Location: Buena Vista Theatre
Available: Day 3,08:30-09:51, Location: Buena Vista Theatre
Available: Day s, 18:15-19:36, Location: Buena Vista Theatre
Available: Day s, 20:30-21:51, Location: Buena Vista Theatre
Available: Day 7, 16:00-17:21, Location: Buena Vista Theatre

Port & Shopping Talk. | Never OOOOOWon't miss

Description: Join your Port and Shopping Guides to learn about the in-
credible tax & duty free shopping ashore this cruise! Free charm bracelet
for all in attendance and a raffle to win over $1000 in prizes and give-
aways!

Available: Day 2, 13:45-14:30, Location: Buena Vista Theatre

Port & Shopping Talk. | Never OOOOOWon't miss

Description: Join your Port and Shopping Guides to learn about the in-
credible tax & duty free shopping ashore this cruise! Free charm bracelet
for all in attendance and a raffle to win over $1000 in prizes and give-
aways!

Available: Day 2, 13:45-14:30, Location: Buena Vista Theatre

Port Adventures. | Never OOOOOWon't miss
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Available: Day 4, 08:30-13:45, Location: Buena Vista Theatre
Strange Magic (PG). | Never OOOOOWon't miss
Available: Day 1, 17:45-19:24, Location: Buena Vista Theatre
Available: Day 1, 20:00-21:39, Location: Buena Vista Theatre
Tomorrowland (PG). | Never OOOOOWon't miss
Available: Day 2, 10:45-12:55, Location: Buena Vista Theatre
Available: Day 2, 22:45-00:55, Location: Buena Vista Theatre
Available: Day 4, 17:00-19:10, Location: Buena Vista Theatre
Available: Day 4, 20:00-22:10, Location: Buena Vista Theatre
Available: Day 6, 22:30-00:40, Location: Buena Vista Theatre
Available: Day 7,09:30-11:12, Location: Buena Vista Theatre

Characters

Meet some of Disney’s most beloved Characters aboard all Disney Cruise
Line ships. Kids and kids-at-heart can meet some of their favorite Dis-
ney Characters and capture the moments with photos. You might see
them around, but there are the designated locations for Disney Char-
acter appearances (https://disneycruise.disney.go.com/
onboard-activities/character-greetings/).

Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

Ariel. | Never OOOOOWon't miss

Available: Day 3, 19:45-20:00, Location: Lobby Atrium, Vestibule.
Available: Day s, 21:15-21:45, Location: Lobby Atrium, Vestibule.
Belle. | Never OOOOOWon't miss

Available: Day 3, 17:15-17:45, Location: Lobby Atrium, Vestibule.
Available: Day s, 17:00-17:30, Location: Lobby Atrium, Port Side.
Captain Hook & Mr Smee. | Never OOOOOWon't miss
Available: Day 4, 17:30-17:45, Location: Deck 4, Balcony.
Available: Day 4, 22:00-22:15, Location: Deck 4, Balcony.
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Character Meet & Greet Ticket Distribution. Don’t Miss Event.
| Never OOOOO Won't miss

Description: Pick up your tickets today to meet some of your favourite
Disney friends. Princess Gathering. Princess Anna & Queen Elsa. Dis-
ney Junior Character Breakfast. Tickets are required for each of these
meet and greets. Space is limited.

Available: Day 1, 11:30-15:00, Location: Port Adventures Desk

Chip & Dale. | Never OOOOOWon't miss

Available: Day 3,21:30-21:45, Location: Preludes

Available: Day s, 16:15-16:30, Location: Preludes

Available: Day 6, 17:00-17:15, Location: Preludes

Available: Day 7,09:15-09:30, Location: Deck 4, Balcony

Chip & Dale. Beach. | Never OOOOOWon't miss

Available: Day 7, 11:45-12:00, Location: Post Ofhce

Chip & Dale. Formal. | Never OOOOOWon't miss

Available: Day 2, 18:00-18:15, Location: Deck 4, Balcony.

Chip & Dale. Pirate. | Never OOOOOWon't miss

Available: Day 4, 16:30-16:45, Location: Deck 4, Balcony

Available: Day 4, 21:45-22:00, Location: Lobby Atrium, Vestibule
Cinderella. | Never OOOOOWon't miss

Available: Day 1, 20:00-20:15, Location: Deck 4, Balcony

Available: Day 1, 21:30-21:45, Location: Deck 4, Balcony

Available: Day 3, 21:45-22:00, Location: Lobby Atrium, Vestibule
Available: Day s, 19:30-20:00, Location: Lobby Atrium, Port Side
Daisy. | Never OOOOOWon't miss

Available: Day 2, 16:30-16:45, Location: Deck 4, Balcony
Available:Day 3, 09:00-09:15, Location: Deck 4, Balcony

Available: Day s, 19:15-19:30, Location: Lobby Atrium, Hallway
Daisy. Beach. | Never OOOOOWon't miss

Available: Day 7, 12:00-12:15, Location: Gangway

Available: Day 7, 16:00-17:00, Location: Gangway

Daisy. Formal. | Never OOOOOWon't miss

Available: Day 2, 19:30-19:45, Location: Preludes
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Daisy. Pirate. | Never OOOOO Won't miss

Available: Day 4,21:30-21:45, Location: Lobby Atrium, Starboard Side
Doc McStuffins. | Never OOOOOWon't miss

Available: Day 3, 13:00-13:15, Location: Deck 4, Balcony
Available: Day 6,09:00-09:15, Location: Lobby Atrium, Vestibule
Available: Day 6, 10:00-10:15, Location: Lobby Atrium, Vestibule
Donald. | Never OOOOOWon't miss

Available: Day 2, 16:45-17:00, Location: Preludes

Available: Day s, 16:45-17:00, Location: Preludes

Available: Day s, 19:45-20:00, Location: Lobby Atrium, Hallway
Available: Day 6, 17:30-17:45, Location: Preludes

Available: Day 6, 22:00-22:15, Location: Preludes

Available: Day 7,08:45-09:00, Location: Deck 4, Balcony
Available: Day 7, 17:30-17:45, Location: Deck 4, Balcony
Donald. Beach. | Never OOOOOWon't miss

Available: Day 7, 12:15-12:30, Location: Post Ofhce

Donald. Formal. | Never OOOOOWon't miss

Available: Day 2, 22:00-22:15, Location: Preludes

Donald. Pirate. | Never OOOOOWon't miss

Available: Day 4, 16:15-16:30, Location: Lobby Atrium, Starboard Side
Available: Day 4, 21:30-21:45, Location: Lobby Atrium, Port Side
Dopey. | Never OOOOOWon't miss

Available: Day s, 21:30-21:45, Location: Deck 4, Balcony
Available: Day 6, 15:00-15:15, Location: Deck 4, Balcony

Goofy. | Never OOOOOWon't miss

Available: Day 1, 21:30-21:45, Location: Lobby Atrium, Hallway.
Available: Day 2, 13:30-13:45, Location: Deck 4, Balcony.
Available: Day 3, 17:30-17:45, Location: Deck 4, Balcony.
Available: Day s, 17:30-17:45, Location: Lobby Atrium, Hallway.
Available: Day 6, 19:45-20:00, Location: Preludes

Available: Day 6, 21:30-21:45, Location: Preludes

Goofy. Beach. | Never OOOOOWon't miss

Available: Day 7, 12:30-12:45, Location: Rustmore
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Goofy. Formal. | Never OOOOOWon't miss

Available: Day 2, 20:00-20:15, Location: Preludes

Goofy. Pirate. | Never OOOOOWon't miss

Available: Day 4, 17:00-17:15, Location: Deck 4, Balcony.
Available: Day 4, 21:30-21:45, Location: Deck 4, Balcony

Jack Sparrow. | Never OOOOOWon't miss

Available: Day 4, 17:00-17:15, Location: Preludes

Available: Day 4, 20:30-20:45, Location: Preludes

Available: Day 7, 13:15-13:30, Location: Marge’s Barges

Jake. | Never OOOOOWon't miss

Available: Day s, 16:30-16:45, Location: Deck 4, Balcony.

Day 6, 09:30-09:45, Location: Lobby Atrium, Vestibule.

Jake

The Neverland Pirates. | Never OOOOOWon't miss
Description: AHoy there mates, join us for an adventure in D Lounge
with Jake and the Netherland Pirates.

Available: Day 6, 08:30-09:00, Location: D Lounge

Jessie. | Never OOOOOWon't miss

Available: Day 2, 09:15-09:30, Location: Lobby Atrium, Vestibule.
Available: Day 3,09:00-09:15, Location: Lobby Atrium, Vestibule.
Mickey. | Never OOOOOWon't miss

Available: Day 1, 17:15-17:30, Location: Lobby Atrium, Hallway.
Available: Day 1, 19:15-19:30, Location: Lobby Atrium, Hallway.
Available: Day 1, 22:00-22:15, Location: Lobby Atrium, Hallway.
Available: Day 3, 14:15-14:30, Location: Preludes

Available: Day s, 17:15-17:30, Location: Preludes

Available: Day s, 19:30-19:45, Location: Deck 4, Balcony.
Mickey. Beach. | Never OOOOOWon't miss

Available: Day 7,09:00-09:15, Location: Lobby Atrium, Port Side.
Available: Day 7, 12:00-12:15, Location: Rustmore

Mickey. Formal. | Never OOOOOWon't miss

Available: Day 2, 19:45-20:00, Location: Deck 4, Balcony.
Available: Day 2, 21:45-22:00, Location: Deck 4, Balcony.
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Available: Day 2, 17:30-17:45, Location: Deck 4, Balcony.
Mickey. Pirate. | Never OOOOOWon't miss

Available: Day 4, 19:00-19:15, Location: Lobby Atrium, Port Side.
Available: Day 4, 22:00-22:15, Location: Lobby Atrium, Port Side.
Available: Day 4, 17:15-17:45, Location: Lobby Atrium, Port Side.
Minnie. | Never OOOOOWon't miss

Available: Day 1, 17:45-18:00, Location: Lobby Atrium, Hallway.
Available: Day 1, 19:45-20:00, Location: Lobby Atrium, Hallway.
Available: Day 2,09:00-09:15, Location: Deck 4, Balcony.
Available: Day 2, 16:15-16:30, Location: Preludes

Available: Day 3, 14:00-14:15, Location: Deck 4, Balcony.
Available: Day 3, 14:45-15:00, Location: Preludes

Minnie. Formal. | Never OOOOOWon't miss

Available: Day 2, 19:15-19:30, Location: Deck 4, Balcony.
Available: Day 2, 21:30-21:45, Location: Preludes

Available: Day 2, 22:15-22:30, Location: Deck 4, Balcony.
Available: Day 2, 17:45-18:00, Location: Preludes

Available: Day 2, 17:00-17:15, Location: Deck 4, Balcony.
Minnie. Pirate. | Never OOOOOWon't miss

Available: Day 4,22:00-22:15, Location: Lobby Atrium, Starboard Side.
Day 4, 16:45-17:15, Location: Lobby Atrium, Starboard Side.
Minnie. Princess. | Never OOOOOWon't miss

Available: Day 6,09:15-09:30, Location: Deck 4, Balcony.
Available: Day 6, 10:15-10:30, Location: Deck 4, Balcony.

Peter Pan. | Never OOOOOWon't miss

Available: Day 4, 16:30-17:00, Location: Lobby Atrium, Port Side.
Available: Day s, 17:00-17:15, Location: Deck 4, Balcony.

Pluto. | Never OOOOOWon't miss

Available: Day 2, 09:30-09:45, Location: Deck 4, Balcony.
Available: Day 2, 17:15-17:30, Location: Preludes

Available: Day 3,09:30-09:45, Location: Deck 4, Balcony.
Available: Day 3, 16:30-16:45, Location: Preludes

Available: Day 3, 22:00-22:15, Location: Deck 4, Balcony.
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Available: Day s, 17:00-17:15, Location: Lobby Atrium, Hallway.
Port Adventures. | Never OOOOOWon't miss

Available: Day 4,08:30-13:45

Sea Ya’ Real Soon!. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Mickey and Minnie along with the rest of the Walt Disney
Characters invite you to join them in the ship’s atrium for Sea Ya Real
Soon. You won't ant to miss this very special farewell presentation.
Available: Day 7, 16:30-17:00, Location: Lobby Atrium

Available: Day 7, 22:15-22:45, Location: Lobby Atrium

Sofia. | Never OOOOOWon't miss

Available: Day 3, 14:30-14:45, Location: Deck 4, Balcony.

Available: Day 3, 13:30-13:45, Location: Deck 4, Balcony.

Available: Day 6, 09:45-10:00, Location: Deck 4, Balcony.

Stitch. | Never OOOOOWon't miss

Available: Day 3, 17:00-17:15, Location: Preludes

Available: Day 3, 22:00-22:15, Location: Preludes

Available: Day s, 21:30-21:45, Location: Preludes

Available: Day 6, 15:30-15:45, Location: Deck 4, Balcony.

Stitch. Pirate. | Never OOOOOWon't miss

Available: Day 4, 16:00-16:15, Location: Lobby Atrium, Port Side.
Available: Day 4, 19:00-19:15, Location: Deck 4, Balcony.

Tiana. | Never OOOOOWon't miss

Available: Day 1, 19:30-19:45, Location: Deck 4, Balcony.

Available: Day 3, 19:15-19:30, Location: Lobby Atrium, Vestibule.
Available: Day s, 22:00-22:15, Location: Lobby Atrium, Port Side.
Tinker Bell. | Never OOOOO Won't miss

Available: Day 4, 17:15-17:30, Location: Lobby Atrium, Vestibule.
Available: Day s, 16:45-17:00, Location: Lobby Atrium, Vestibule.
Available: Day s, 19:30-19:45, Location: Lobby Atrium, Vestibule.
Available: Day s, 21:45-22:00, Location: Lobby Atrium, Vestibule.
Wake Up with Disney Junior. | Never OOOOOWon't miss
Description: What happens when you experience unlimited fun with
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your favorite Disney Junior shows? You get an exciting dance party de-
signed especially for preschoolers ages seven and under.

Available: Day 2, 08:30-09:00, Location: D Lounge, Deck 4, Midship.
Woody. |Never OOOOOWon't miss

Available: Day 2, 09:45-10:00, Location: Lobby Atrium, Vestibule.
Available: Day 3,09:30-09:45, Location: Lobby Atrium, Vestibule.

Fun for All Ages

Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

A Fantasy Come True. Event of the Day. | Never OOOOOWon't
miss

Description: Join us tonight in the beautiful Walt Disney Theatre for
amagical, musical journey through the wonderland of the Disney Fan-
tasy featuring the Walt Disney Theatre Cast; World Famous Disney Char-
acters and the Comedy and Ventriloquism of David Crone.

Available: Day 1, 18:15-19:00, Location: Walt Disney Theatre
Available: Day 1, 20:30-21:30, Location: Walt Disney Theatre

A Pirate’s Life For Me. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Calling all Pirates, we be! If ye have an adventurous spirit
or pirate savvy, come spin the "Wheel of Destiny” fer a treasure trove of
fun be ripe for the takin’ in this action packed pirate game show.
Available: Day 4, 18:30-19:00, Location: D Lounge

Available: Day 4, 21:30-22:00, Location: D Lounge

Andrea & Rafaela LIVE. | Never OOOOOWon't miss

Available: Day 6, 22:30-23:00, Location: Lobby Atrium

Anyone Can Cook - Apple Shtrudel. | Never OOOOOWon't miss
Description: From our gallery to yours. Join our chefs as they show you
how to prepare delicious dishes. Today’s Menu - Apple Shtrudel.
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Available: Day 6, 14:15-15:00, Location: D Lounge

Basketball Free Throw. | Never OOOOOWon't miss

Description: Join your Cruise Staff in this fun tournament and see how
many you can sink in 30 seconds!

Available: Day 7, 12:30-13:00, Location: In Da Shade Game Pavilion
Bingo Pre Sales. Diamond Jackpot Bingo. | Never OOOOOWon't
miss

Available: Day 2, 11:00-11:15, Location: D Lounge

Bingo: Diamond Jackpot Bingo. | Never OOOOOWon't miss
Description: Join us for 4 cash prize games and your chance to win di-
amond pendant! Everyone attending will also receive free cruise ship
charm! Pre-Sales start 15 minutes prior the game.

Available: Day 2, 11:15-12:00, Location: D Lounge

Bingo Pre Sales. $5,000 Mega Jackpot Bingo. | Never OOOOOWon't
miss

Available: Day 2, 16:00-16:15, Location: D Lounge

Bingo: $5,000 Mega Jackpot Bingo. | Never OOOOOWon't miss
Description: Don’t miss your chance to take home bigmoney! 4 CASH
prize games and great raffle prizes to be won! Complete the fourth
game in 46 numbers orless and win the $5,000 Mega Jackpot! Pre-Sales
start 15 minutes prior to game.

Available: Day 2, 16:15-17:00, Location: D Lounge

Bingo Pre Sales. DCL Gift Pack Jackpot. | Never OOOOOWon't
miss

Available: Day 3, 11:00-11:15, Location: D Lounge

Bingo: DCL Gift Pack Jackpot with Sophia Fiori. | Never OOOOOWon't
miss

Description: Four CASH prizes games and four Disney Cruise Line gift
packs to be won. The jackpot continues to grow and could go at any
time! Also you'll have the chance to win Sophia Fiori jewellery pieces
in prizes! Pre-Sales start 15 minutes prior to the game.

Available: Day 3, 11:15-12:00, Location: D Lounge

Bingo Pre Sales. $7000 Mega Jackpot Bingo. |Never OOOOOWon't
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miss

Available: Day 3, 15:45-16:15, Location: Buena Vista Theatre

Bingo: $7000 Mega Jackpot Bingo. | Never OOOOOWon't miss
Description: Don’t miss your chance to take home big money. 4 CASH
prize games and great raffle prizes to be won! Complete the fourth
game in 46 numbers or less and win $7,000 Mega Jackpot! Pre-Sales
start 30 minutes prior to game.

Available: Day 3, 16:15-17:00, Location: Buena Vista Theatre

Bingo Pre-Sales. Double Up Jackpot. | Never OOOOOWon't
miss

Available: Day s, 19:15-19:30, Location: D Lounge

Bingo: Double Up Jackpot. | Never OOOOOWon't miss
Description: Special double up session: All electronic cards purchased
will be doubled! The snowball jackpot continues to grow and could be
won today! Pre-Sales start 15 minutes prior to the game.

Available: Day s, 19:30-20:15, Location: D Lounge

Bingo Pre Sales. $10,000 Mega Jackpot. | Never OOOOOWon't
miss

Available: Day 6, 11:00-11:15, Location: D Lounge

Bingo: $10,000 Mega Jackpot. | Never OOOOOWon't miss
Description: It’s Big, it'’s Massive, it’s Supersized! It's $10,000 MEGA
Jackpot Bingo! Take home $10,000 if you can cover your card in 46
numbers or less. If not, we carry on to play for the biggest cash prize of
the session. Pre-Dales start 15 minutes prior to game.

Available: Day 6, 11:15-12:00, Location: D Lounge

Bingo Pre-Sales. Final Jackpot. | Never OOOOOWon't miss
Available: Day 6, 15:45-16:15, Location: Buena Vista Theatre

Bingo: Final Jackpot. | Never OOOOOWon't miss

Description: The snowball jackpot MUST BE WON at this final ses-
sion! Beat the line and get your cards early. Who will be the lucky win-
ner? It could be you! Pre-Sales start 30 minutes prior to game.
Available: Day 6, 16:15-17:00, Location: Buena Vista Theatre

Board Games available in O’Gills Pub. | Never OOOOOWon't
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miss

Available: Day 4, 08:30-11:30, Location: O’Gills Pub

Buccaneer Blast

Club Pirate. Don’t Miss Event. | Never OOOOOWon't miss
Description: Fireworks

Available: Day 4, 22:30-23:30, Location: Deck Stage

Captain’s Signing. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Meet the Master of the Disney Fantasy and have your cruise
memories signed.

Available: Day 6, 11:00-11:30, Location: White Caps

Captain’s Welcome Reception. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Enjoy live music and a cocktail while meeting some of the
ship’s ofhicers. Lobby Atrium, Deck 3, Midship, 5:00 & 7:30 pm. Enjoy
an exclusive photo opportunity with Captain Marcoat 5:15 & 7:30 pm,
Lobby Atrium.

Available: Day 2, 17:00-18:00, Location: Lobby Atrium

Available: Day 2, 19:30-20:30, Location: Lobby Atrium

Character Dance Party. | Never OOOOOWon't miss

Available: Day 7, 10:30-11:00, Location: Lobby Atrium

Chip It Golf. | Never OOOOOWon't miss

Description: It’s par for the course for our Guests 12 and older to com-
pete on our special “greens” in this fun tournament.

Available: Day 3, 15:00-15:30, Location: Lobby Atrium

Club D Dance Party. | Never OOOOOWon't miss

Available: Day 2, 19:30-20:15, Location: D Lounge

Available: Day 2, 21:45-22:30, Location: D Lounge

Club New Year’s Eve. | Never OOOOOWon't miss

Description: Club New Year’s Eve, you won't want to miss this journey
of musical genres in history and performances by some of your favorite
Cruise Staff. Bring your family and help us count down to a brand new
year!
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Available: Day 6, 22:15-22:45, Location: D Lounge

Crab Races. | Never OOOOOWon't miss

Description: Watch some local sea creatures make a break for the finish
line.

Available: Day 7, 12:30-13:00, Location: Island Gazebo 1

Available: Day 7, 13:15-13:45, Location: Island Gazebo 2

Crafts: 3D Crafts. | Never OOOOOWon't miss

Available: Day 6, 13:00-13:30, Location: La Piazza

Crafts: Door Hangers. | Never OOOOOWon't miss

Available: Day 2, 11:15-12:00, Location: La Piazza

Available: Day 4, 11:30-12:15, Location: La Piazza

Crafts: Memory Pages. | Never OOOOOWon't miss

Available: Day 3, 11:45-12:30, Location: O’Gills Pub

Available: Day 6, 16:00-16:45, Location: D Lounge

Crafts: Origami Favorites. | Never OOOOOWon't miss
Available: Day 6, 10:30-11:00, Location: La Piazza

Crafts: Origami Flowers. | Never OOOOOWon't miss

Available: Day 2, 16:15-17:00, Location: La Piazza

Crafts: Origami Frogs. | Never OOOOOWon't miss

Available: Day 3, 13:45-14:15, Location: La Piazza

Available: Day 3, 13:15-13:45, Location: La Piazza

Available: Day 6,09:00-09:30, Location: La Piazza

Crafts: Paper Plane Making. | Never OOOOOWon't miss
Available: Day 3, 14:15-15:00, Location: La Piazza

Cruisin’ for Trivia. | Never OOOOOWon't miss

Description: Navigate your way through a round of questions testing
your general knowledge.

Available: Day 4, 14:45-15:15, Location: La Piazza

Diamond and Gemstone Seminar. | Never OOOOOWon't miss
Description: Join your Port and Shopping Guides, and become an ed-
ucated shopper. They will teach you about the exotic gemstones found
in the Caribbeans. FREE Tanzanite earrings for all who attend and a
raffle to win a gemstone pendant!
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Available: Day 3, 15:00-15:45, Location: The Tube

Disney Animation: Cartoon Physics. Don’t Miss Event. | Never
OOOOOWon't miss

Description: Go behind the scenes at Walt Disney Animation Studio
and see how flat drawings and pencil lines can come to life through basic
techniques such as "Stretch and Squash”, and create your own "bounc-
ing ball” animation exercise in this entertaining and fun enrichment
program.

Available: Day 3,09:45-10:30, Location: D Lounge

Disney Animation: Creating a Character. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Go behind the scenes at Walt Disney Animation Studios
as Walt Disney himself talks about his mogt famous characters, then
learn the basic techniques of drawing Mickey and Donald in this fun
and interesting enrichment program.

Available: Day 2, 09:45-10:30, Location: D Lounge

Disney Animation: Staging a Scene. Don’t Miss Event. | Never
OOOOOWon't miss

Description: Go behind the scenes at Walt Disney Animation Studios
and learn how basis poses, silhouette, and placement (long shot, medium
shot, close-up) enhance animation storytelling. Then, participate in a
drawing exercise where you make the choice to communicate a story in
this fun and fascinating enrichment program.

Available: Day s, 16:00-16:45, Location: D Lounge

Disney Castaway Cay sk. Don’tMiss Event. | Never OOOOOWon't
miss

Description: Your run will now take place on Deck 4 around the Disney
Fantasy. We will be traggering the start times every half hour between
8:00 a.m. and 9:30 a.m. Feel free to meet in The Tube, Deck 4 Aft at any
one of the following times to begin your run: 8:00, 8:30, 9:00, or 9:30
a.m.

Available: Day 7, 08:00-09:30, Location: The Tube

Disney Cruise Line: An Unforgettable Journey. Event of the Day.
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| Never OOOOO Won't miss

Description: Join us tonight as we celebrate our magical voyage, inspired
by the words and wisdom of the man himself, Walt Disney; featuring
the Walt Disney Theatre cast, World Famous Disney Characters and
the Comedy

Magic of Magic Dave.

Available: Day 7, 18:15-19:00, Location: Walt Disney Theatre
Available: Day 7, 20:30-21:30, Location: Walt Disney Theatre

Disney Junior Pirate

Princess Dance Party. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Calling all Pirates and Princesses! Come join us for a fam-
ily dance party featuring music and fun activities from Jake & the Nev-
erland Pirates and Sofia the First. Whether you favor tiaras or treasure
chests, there’s something for you at our Disney Junior Pirate & Princess
Dance Party. Sofia and Jake will be there - come join them for the fun!
Available: Day 4, 17:00-17:30, Location: D Lounge

Disney Trivia. | Never OOOOOWon't miss

Available: Day 2, 10:30-11:00, Location: La Piazza

Available: Day 2, 13:15-13:45, Location: La Piazza

Available: Day 3,09:30-10:00, Location: La Piazza

Available: Day 3, 16:30-17:00, Location: O’Gills Pub

Available: Day 6, 12:00-12:30, Location: La Piazza

Available: Day 7, 09:45-10:15, Location: D Lounge

Disney Tunes Trivia. | Never OOOOOWon't miss

Available: Day 2, 15:00-15:45, Location: La Piazza

Available: Day 6, 15:00-15:30, Location: La Piazza

Disney Vacation Club: Group Preview. | Never OOOOOWon't
miss

Description: Want to learn more about taking magical vacations year af-
ter year? Please see a Disney Vacation Club representative on Deck 4,
Midship, or call 7-28035 from your stateroom phone for more informa-
tion about our interactive group presentation.
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Available: Day 2, 12:30-13:15, Location: D Lounge
Available: Day 3, 12:30-13:15, Location: D Lounge
Available: Day 6, 12:30-13:15, Location: D Lounge

Disney Vacation Club: Members Celebration. | Never OOOOOWon't

miss

Description: Calling all Disney Vacation Club Members to our exclu-
sive gathering,

Available: Day 1, 14:30-15:15, Location: D Lounge

Disney Wishes. Event of the Day. | Never OOOOOWon't miss
Description: On the eve of their graduation, three best friends go on
a magical journey down the wishing well. A host of Disney characters
help them discover the connection between children who are becom-
ing adults, and adults who stay in touch with being a kid at heart.
Available: Day 3, 20:30-21:30, Location: Walt Disney Theatre
Available: Day 3, 18:15-19:15, Location: Walt Disney Theatre
Disney’s Aladdin: Musical Spectacular. Event of the Day. |
Never OOOOOWon't miss

Description: A fagt-paced, musical comedy based on the beloved ani-
mated film. Aladdin, the "street rat” of Agrabah, meets a wise-cracking
Genie, battles the evil Jafar, and falls in love with the beautiful and spir-
ited Princess Jasmine. Disney storytelling at its best.

Available: Day 2, 20:30-21:30, Location: Walt Disney Theatre
Available: Day 2, 18:15-19:00, Location: Walt Disney Theatre
Disney’s Believe. Event of the Day. | Never OOOOOWon't miss
Description: Genie from Aladdin and many of Disney’s most beloved
magic makers take a father on a magical journey to show him that any-
thing is possible if you just believe.

Available: Day 6, 18:15-19:00, Location: Walt Disney Theatre
Available: Day 6, 20:30-21:30, Location: Walt Disney Theatre
Disney’s Family Fusion. | Never OOOOOWon't miss

Description: Bring the entire family and test your Disney knowledge in
the high-tech interactive game-show, Family Fusion.

Available: Day 3, 19:30-20:00, Location: D Lounge
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Available: Day 3,22:15-22:45, Location: D Lounge

Family Crafts. | Never OOOOOWon't miss

Available: Day s, 16:15-19:00, Location: D Lounge

Available: Day s, 20:30-21:15, Location: D Lounge

Available: Day 6,09:45-10:30, Location: La Piazza

Available: Day 7, 15:30-16:15, Location: La Piazza

Family Dance Party. | Never OOOOOWon't miss

Available: Day 1, 19:15-20:15, Location: The Tube

Available: Day 2, 19:00-19:30, Location: The Tube

Available: Day 3, 19:15-20:15, Location: The Tube

Available: Day s, 19:00-19:30, Location: The Tube

Available: Day 7, 19:00-20:15, Location: The Tube

Available: Day 7, 21:45-22:30, Location: D Lounge

Family Karaoke. | Never OOOOOWon't miss

Description: Join your Cruise Staff in D Lounge tonight and sing along
to your favourite song - fun for everyone.

Available: Day 1, 22:30-23:30, Location: D Lounge

Available: Day 2, 22:30-23:30, Location: D Lounge

Available: Day 3, 21:30-22:15, Location: D Lounge

Available: Day 3, 22:45-23:30, Location: D Lounge

Available: Day s, 21:30-22:15, Location: D Lounge

Available: Day s, 22:45-23:45, Location: D Lounge

Family Superstar Karaoke. | Never OOOOOWon't miss
Description: Join your Cruise Staffin D Lounge tonight and sing along
to your favourite song - fun for everyone.

Available: Day 7, 22:30-23:45, Location: D Lounge

Family Talent Show. | Never OOOOOWon't miss

Description: Our families have been rehearsing and are now ready to
show-case their talents. Help them make their performing dreams come
true by becoming a part of our live studio audience at the Family Talent
Show!

Available: Day 7, 19:30-20:15, Location: D Lounge

Family Whale Dig. | Never OOOOOWon't miss
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Description: Our island palaeontologist leads us in the excavation of
a giant whale skeleton and other fossilized treasures! Make no bones
about it, this is an adventure every beachcomber is sure to dig!
Available: Day 7, 13:00-13:45, Location: Monstro Point

Father’s Day Crafts. | Never OOOOOWon't miss

Description: Join your Cruise Staff to make some fun Father’s Day crafts
for that special male in your life.

Available: Day 2,09:45-10:30, Location: La Piazza

FireLites Live. | Never OOOOOWon't miss

Available: Day 1, 22:30-23:00, Location: Lobby Atrium

Available: Day 3, 22:30-23:00, Location: Lobby Atrium

Available: Day s, 22:30-23:00, Location: Lobby Atrium

Formal Portraits tonight!. | Never OOOOOWon't miss
Description: Now that the family is dressed up and ready to enjoy the
evening, capture the memories in your formal attire by visiting our pro-
fessional portrait studios located in the Lobby Atrium, Deck 3, Mid-
ship.

Available: Day 2, 17:00-18:00, Location: Lobby Atrium

Available: Day 2, 19:15-20:30, Location: Lobby Atrium

Available: Day 2, 21:30-22:30, Location: Lobby Atrium

Inside Out (PG). Don’t Miss Event. | Never OOOOOWon't miss
Description: Meet the little voices inside your head.

Available: Day 3, 14:00-15:42, Location: Walt Disney Theatre
Available: Day 4, 17:30-19:12, Location: Walt Disney Theatre
Available: Day 4, 20:15-21:57, Location: Walt Disney Theatre
Available: Day 6, 14:00-15:42, Location: Walt Disney Theatre
Available: Day 7, 10:00-11:42, Location: Walt Disney Theatre
Interdenominational Service. | Never OOOOOWon't miss
Available: Day 2, 09:30-10:00, Location: Outlook

Jack-Jack’s Diaper Dash. Reservationrequired. | Never OOOOOWon't
miss

Description: Calling all baby cruisers! It's time to take to the mat to
see who's the fastest crawler of the seven seas! Register your baby 15
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minutes prior to the big race

Available: Day 6, 11:30-12:00, Location: Lobby Atrium

Jake & The Neverland Pirates. | Never OOOOOWon't miss
Description: AHoy there mates, join us for an adventure in D Lounge
with Jake and the Netherland Pirates.

Available: Day 6, 08:30-09:00, Location: D Lounge

Available: Day 7, 09:00-09:30, Location: D Lounge

Jewish Sabbath. | Never OOOOOWon't miss

Description: A quiet space is reserved for those wishing to conduct their
own service.

Available: Day 7, 17:15-17:45, Location: Outlook

Live Guitar with Carrie Stone. | Never OOOOOWon't miss
Available: Day 2, 15:00-15:45, Location: Deck 12, Stage.
Available: Day s, 15:00-15:45, Location: Deck 12, Stage.
Available: Day 6, 15:00-15:45, Location: Deck 12, Stage.
Available: Day 7, 12:45-13:30, Location: Island Gazebo 1
Available: Day 7, 13:45-14:30, Location: Island Gazebo 1

Live Music with Andrea

Rafaela. | Never OOOOOWon't miss

Available: Day 2, 17:00-18:00, Location: Lobby Atrium
Available: Day 2, 21:30-22:15, Location: Lobby Atrium
Available: Day 6, 17:15-18:00, Location: Lobby Atrium
Available: Day 6, 21:30-22:15, Location: Lobby Atrium

Live Music with FireLites. | Never OOOOOWon't miss
Available: Day 1, 21:30-22:15, Location: Lobby Atrium
Available: Day 3,21:30-22:15, Location: Lobby Atrium
Available: Day 3, 17:15-18:00, Location: Lobby Atrium
Available: Day s, 17:15-18:00, Location: Lobby Atrium
Available: Day s, 21:30-22:15, Location: Lobby Atrium
Available: Day 7, 17:15-18:00, Location: Lobby Atrium

Live Music with Rob Sanders. | Never OOOOOWon't miss
Available: Day 7, 17:15-18:00, Location: La Piazza

Magic PlayFloor. | Never OOOOOWon't miss

238

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Available: Day s, 11:15-11:45, Location: Oceaneer Club

Magic Workshop. Don’t Miss Event. | Never OOOOOWon't miss
Description: Magic Dave teaches you the basics of magic in this fun fam-
ily event.

Available: Day 6, 10:00-10:30, Location: D Lounge

Available: Day 7, 10:30-11:00, Location: D Lounge

Mandatory Life Boat Drill. | Never OOOOOWon't miss
Description: (All Guests must attend) You will not need to wear your
life jacket, however it is critical that your bring your Key To The World
card to your Assembly Station. All ship services will be suspended be-
tween 3:45 and 4:30 pm. Your Assembly Station is indicated on your
Key To The World card

Available: Day 1, 16:00-16:30, Location: Assembly Station

Mickey 200. Don’t Miss Event. | Never OOOOO Won't miss
Description: Don't eat your vegetables... race them in this wild and
wacky charge to the finish line. May the best veggie win! (Limited
Availability)

Available: Day 2, 14:15-15:00, Location: The Tube

Mickey’s Pirates in the Caribbean. Don’t Miss Event. | Never
OOOOOWon't miss

Description: It's a Pirate Celebration, me hearties! Come experience all
the pirate fun alongside Captain Mickey Mouse and his famous pirate
crew. Play, dance and acquire all the pirate skills needed to become an
official member of Mickey’s Pirate Crew! (Weather Permitting)
Available: Day 4, 19:45-20:15, Location: Deck Stage

Mirror Mirror. | Never OOOOOWon't miss

Description: Head to D Lounge for the fairest game show of them all,
Mirror Mirror. Featuring the Magic Mirror and everyone’s favorite dwarf,
Dopey.

Available: Day 6, 19:30-20:00, Location: D Lounge

Available: Day 6, 21:45-22:15, Location: D Lounge

Officer Pin Trading. Don’t Miss Event. | Never OOOOOWon't
miss
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Description: Come trade pins with the Officers of the Disney Fantasy.
Available: Day s, 19:15-20:00, Location: Preludes

Open House Toddler Time. | Never OOOOOWon't miss
Description: Your chance to see our toddler space, it’s a small nursery
Available: Day 2, 08:00-09:00, Location: Open House

Available: Day 3, 08:00-09:00, Location: It’s a small world nursery
Available: Day 6, 08:00-09:00, Location: It’s a small world nursery
Pictionary Challenge. | Never OOOOOWon't miss

Available: Day 2, 12:15-12:45, Location: La Piazza

Available: Day 4, 14:00-14:30, Location: La Piazza

Pirate Crafts. | Never OOOOOWon't miss

Available: Day 4, 15:30-16:30, Location: D Lounge

Pirate Games. Don’t Miss Event. | Never OOOOOWon't miss
Description: Arrgh ye up to the challenge some crazy pirate themed
games?

Available: Day 4, 19:30-19:45, Location: Deck Stage

Pirate Trivia. | Never OOOOOWon't miss

Description: Test the depths of your pirate knowledge with your Cruise
Staff at this swashbuckling trivia event.

Available: Day 4, 16:15-16:45, Location: D Lounge

Available: Day 4, 20:30-21:00, Location: Preludes

Poolside Jams with Cruise Staff DJ. | Never OOOOOWon't miss
Available: Day 1, 13:45-15:15, Location: Deck 11 Stage

Professional Portraits. | Never OOOOOWon't miss

Description: Tonight is your last chance for professional portraits! Cap-
ture the magic of your vacation at one of our portrait studios and let
the memories live. Visit our professional portrait studios located in the
Lobby Atrium, Deck 3, Midship

Available: Day 6, 17:00-18:00, Location: Lobby Atrium

Available: Day 6, 19:15-20:30, Location: Lobby Atrium

Available: Day 6, 21:30-22:30, Location: Lobby Atrium

Rob Sanders LIVE. | Never OOOOOWon't miss

Available: Day 2, 22:30-23:00, Location: Lobby Atrium
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Available: Day 4, 19:00-19:30, Location: Lobby Atrium

Available: Day 6, 17:30-18:00, Location: La Piazza

Available: Day 7, 22:45-23:15, Location: Lobby Atrium

Sailing Away. Don’t Miss Event. | Never OOOOOWon't miss
Description: It’s time to go Sailing Away! Join Mickey and Minnie along
with Tinker Bell and the rest of the gang as they welcome you abroad
the Disney Fantasy.

Available: Day 1, 16:30-17:15, Location: Deck Stage

Saludos Amigos Fiesta. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Come see what Donald and his friends are up to this time.
Bring the family out to this interactive dance party featuring fun Latin
music! Your family will learn to salsa, merengue and just have a Latin
good time!

Available: Day s, 22:15-22:45, Location: D Lounge

Sea Ya’ Real Soon!. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Mickey and Minnie along with the rest of the Walt Disney
Characters invite you to join them in the ship’s atrium for Sea Ya Real
Soon. You won'’t ant to miss this very special farewell presentation.
Available: Day 7, 16:30-17:00, Location: Lobby Atrium

Available: Day 7, 22:15-22:45, Location: Lobby Atrium

So You Think You Know Your Family?. | Never OOOOOWon't
miss

Description: This fun-filled family game show is always full of surprises.
Find out how well you know;, or don’t know your family!

Available: Day 1, 19:30-20:15, Location: D Lounge

Available: Day 1, 21:45-22:30, Location: D Lounge

Talent Show Rehearsals. | Never OOOOOWon't miss

Available: Day 6, 17:00-18:00, Location: D Lounge

The Comedy & Hypnosis of Ricky Kalmon. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Enjoy the Comedy and Hypnosis of Ricky Kalmon in this
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fun-filled show for the entire family.

Available: Day 2, 14:00-14:45, Location: Walt Disney Theatre

The Disney Fantasy’s Whistle. Don’t Miss Event. | Never OOOOOWon't
miss

Description: The Disney Fantasy’s whistle, a prominent element of the
"Sailing Away” deck party at the start of the cruise, is quite the musical
talent. It’s able to perform not just the fast musical line of "When You
Wish Upon a Star” but also the second line of the song (“makes no dif-
ference who you are”) plus several measures of “Yo Ho (A Pirate’s Life
for Me)”, ”It’s a Small World”, ”"Be Our Guet”, "Hi Diddle Dee Dee (An
Acor’s Life for Me)” and "A Dream is a Wish”.

Available: Day 7, 17:30-17:45, Location: Deck 12

The Magic Dave Show. Event of the Day. | Never OOOOOWon't
miss

Available: Day s, 18:15-19:00, Location: Walt Disney Theatre
Available: Day s, 20:30-21:15, Location: Walt Disney Theatre

The Muppets. | Never OOOOOWon't miss

Description: There’s Muppet mystery onboard, and Kermit and Pepe
need YOU to solve it! Search the ship for clues and use our special de-
tective "badge” to catch the culprit!

Available: Day 7,09:00-22:00, Location: Deck 2

The Quest. Don’t Miss Event. | Never OOOOOWon't miss
Description: Enjoy the wildes and wackiest scavenger team event on the
seven seas!

Available: Day s, 19:30-20:00, Location: The Tube

Toddler Time. | Never OOOOOWon't miss

Available: Day s, 15:00-16:45, Location: Outlook

Available: Day 6, 10:00-11:00, Location: Outlook

Available: Day 6, 14:00-15:00, Location: Outlook

Towel Folding. | Never OOOOOWon't miss

Description: Learn to create those amazing towel creatures you've seen
your stateroom all cruise long,

Available: Day 6, 14:00-14:30, Location: The Tube
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Variety: David Crone. | Never OOOOOWon't miss

Description: Featuring the Comedy

Ventriloquism of David Crone for Families and Adults

Available: Day 2, 19:30-20:00, Location: The Tube

Variety: Michael Dubois. | Never OOOOOWon't miss

Available: Day 6, 19:30-20:00, Location: The Tube

Wake Up with Disney Junior. | Never OOOOOWon't miss
Description: What happens when you experience unlimited fun with
your favorite Disney Junior shows? You get an exciting dance party de-
signed especially for preschoolers ages seven and under.

Available: Day 2, 08:30-09:00, Location: D Lounge

Available: Day 3,09:00-09:30, Location: D Lounge

Available: Day 7, 08:30-09:00, Location: D Lounge

Walking Ship Tour. Don’t Miss Event. | Never OOOOOWon't
miss

Description: Enjoy the beauty of the Disney Fantasy with your Cruise
Staff in the guided tour.

Available: Day 1, 13:00-13:30, Location: Preludes

Available: Day 1, 14:00-14:30, Location: Preludes

Available: Day 2, 09:00-09:30, Location: Preludes

Xbox Challenge. | Never OOOOOWon't miss

Available: Day 3,09:00-09:30, Location: O’Gills Pub

Xbox Kinect Just Dance Challenge. | Never OOOOOWon't miss
Available: Day s, 14:00-14:45, Location: O’Gills Pub

Youth Activities Open House. | Never OOOOOWon't miss
Available: Day 4, 09:00-10:00, Location: Edge

Available: Day 4, 10:00-13:45, Location: Oceaneer Club

Available: Day s, 09:00-11:00, Location: Edge

Available: Day 4, 11:00-12:00, Location: Vibe

Available: Day 7, 13:45-16:00, Location: Oceaneer Club

Scuttle’s Cove
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Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

Lunch at Pop’s Props. | Never OOOOOWon't miss
Available: Day7, 12:00-12:30, Location: Scuttle’s Cove
Island Crafts. | Never OOOOOWon't miss

Available: Day7, 12:45-13:30, Location: Scuttle’s Cove
Caribbean Beach Party. | Never OOOOOWon't miss
Available: Day7, 13:45-14:45, Location: Scuttle’s Cove
Water Games. | Never OOOOOWon't miss

Available: Day7, 15:00-15:30, Location: Scuttle’s Cove
Whale Dig. | Never OOOOOWon't miss

Available: Day7, 15:45-16:45, Location: Scuttle’s Cove

Adults

Please, for the activities listed below select one of the grade: 1 - Never
(not interested at all and won’t recommend to anyone to attend it); 2 -
Not interested; 3 - Neutral; 4 - Interested; 5 - Won’t miss

1820 Society: Brunch. | Never OOOOOWon't miss

Description: Get to know your fellow 1820 Society members during
brunch.

Available: Day 6, 11:30-12:00, Location: Cabanas

1820 Society: Farewell. | Never OOOOOWon't miss

Description: Join your Cruise Staft and your new friends in this last
gathering for some fun.

Available: Day 7, 22:00-22:30, Location: The Tube

1820 Society: Game Challenge. | Never OOOOOWon't miss
Description: Join us and play some of your favorite board games.
Available: Day 2, 21:45-22:15, Location: O’Gills Pub

Available: Day 3, 17:00-17:45, Location: O’Gills Pub
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Available: Day 3, 21:45-22:15, Location: O’Gills Pub

Available: Day 6, 21:45-22:15, Location: O’Gills Pub

1820 Society: Giant Jenga. | Never OOOOOWon't miss
Description: Have some fun with this classic game

Available: Day s, 16:15-16:45, Location: O’Gills Pub

1820 Society: Ice Cream Social. | Never OOOOOWon't miss
Description: Join your fellow Society members for some ice cream and
conversation.

Available: Day 4, 16:00-16:30, Location: Cove Café

1820 Society: Island Bike Ride. | Never OOOOOWon't miss
Description: Join your Cruise Staff team as they take you on a bike rid-
ing adventure around the island. Meet at the Bike Rentals where the
fun will begin!

Available: Day 7, 13:00-13:45, Location: Bike Rentals

1820 Society: Lunch. | Never OOOOOWon't miss

Description: Get to know your fellow Society members over a spot of
lunch.

Available: Day 2, 12:15-12:45, Location: Royal Court

Available: Day 3, 12:15-12:45, Location: Royal Court

1820 Society: Mini Golf. | Never OOOOOWon't miss
Description: Can you get a hole in one? Give it a try with some mini
golf.

Available: Day 2, 15:15-15:45, Location: Goofy Golf

1820 Society: Stir it. Blend it. Taste it.. | Never OOOOOWon't
miss

Description: Join us for complimentary tasting event including coffee,
chai latte and smoothies in Cove Café exclusively for our 18-20 year
olds. You can learn how to create your own special coftees as well as
plan the activities for the rest of your sailing.

Available: Day 1, 20:00-22:30, Location: Cove Café

so’s and 60’s Music Trivia. | Never OOOOOWon't miss
Available: Day 2, 10:45-11:15, Location: O’Gills Pub

70’s Music Trivia. | Never OOOOOWon't miss
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Description: Let’s step back in time and visit Studio 54 as we test your
70’s music knowledge.

Available: Day 3, 13:45-14:15, Location: O’Gills Pub

70’s Remix. | Never OOOOOWon't miss

Description: Join Club D] Mike Sincere, as he takes youback and remixes
70’s hits to keep you dancing,

Available: Day 3, 23:45-00:15, Location: The Tube

80’s 90’s Remixwith Club DJ Mike Sincere. | Never OOOOOWon't
miss

Description: Join Club DJ Mike Sincere, as he $pins the tunes and remix
the 80’s & 90’s!

Available: Day 2, 23:15-00:15, Location: The Tube

80’s Music Challenge. Don’t Miss Event. | Never OOOOOWon't
miss

Description: "Moon Walk” back to the 80’s as we put your musical knowl-
edge of the decade to the test.

Available: Day s, 22:30-23:00, Location: The Tube

90’s Music Trivia. | Never OOOOOWon't miss

Available: Day 6, 14:00-14:30, Location: O’Gills Pub

Acupuncture Clinic. | Never OOOOOWon't miss

Available: Day 2, 13:15-13:45, Location: Senses Spa & Salon
Acupuncture Demonstration. | Never OOOOOWon't miss
Available: Day 1, 14:00-15:00, Location: Senses Spa & Salon
Acupuncture Seminar. | Never OOOOOWon't miss

Available: Day 6, 10:15-10:45, Location: Senses Spa & Salon
Acupuncture Seminar Asthma & Allergy Management. | Never
OOOOOWon't miss

Available: Day 6,09:15-09:45, Location: Senses Spa & Salon
Acupuncture Seminar: Artritis Solutions. | Never OOOOOWon't
miss

Available: Day 3,09:15-10:00, Location: Senses Fitness Center
Acupuncture Stress, Insomnia and Depression. | Never OOOOOWon't
miss
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Available: Day 3, 15:15-16:00, Location: Senses Spa & Salon
Acupuncture: Artbritis and Back Pain Solutions. | Never OOOOOWon't
miss

Available: Day 2, 15:15-15:45, Location: Senses Spa & Salon

Adult Trivia. | Never OOOOOWon't miss

Available: Day 2, 20:45-21:15, Location: O’Gills Pub

Available: Day s, 13:15-13:45, Location: O’Gills Pub

Andrea & Rafaela LIVE. | Never OOOOOWon't miss

Available: Day 1, 23:30-00:00, Location: La Piazza

Available: Day s, 21:30-22:00, Location: La Piazza

Available: Day s, 23:30-00:00, Location: La Piazza

Anyone Can Cook: Lobster Ravioli. Don’t Miss Event. | Never
OOOOOWon't miss

Description: From our galley to yours. Join our chefs as they show you
how to prepare delicious dishes. Today’s Menu - Lobster Ravioli
Available: Day 2, 14:15-15:00, Location: D Lounge

Anyone Can Cook: Sea Bass. | Never OOOOOWon't miss
Available: Day 3, 14:15-15:00, Location: D Lounge

Art of The Theme Show Tour. | Never OOOOO Won't miss
Description: Join us for a guided tour highlighting the design, Imag-
ineering and artistry of the Disney Fantasy. This tour is reserved for
Guests 18 and over.

Available: Day 2,09:15-10:15, Location: Meridian

Available: Day 3,09:15-10:15, Location: Meridian

Available: Day s, 14:30-15:30, Location: Meridian

Available: Day 6,09:15-10:15, Location: Meridian

Beer Tasting (21+). Nominal fee. Reservation required. | Never
OOOOOWon't miss

Available: Day 7, 16:30-17:30, Location: O’Gills Pub

Body’s Sculpt Boot Camp. Nominal fee. | Never OOOOOWon't
miss

Available: Day 2, 09:00-09:30, Location: Senses Fitness Center
Available: Day 3,09:00-09:45, Location: Senses Fitness Center
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Available: Day 6,09:00-09:30, Location: Senses Fitness Center
Available: Day 7, 07:30-08:00, Location: Senses Fitness Center
Books and Magazines available in Cove Café. | Never OOOOOWon't
miss

Available: Day 7,09:00-11:00, Location: Cove Café

Burn Fat Faster. | Never OOOOOWon't miss

Available: Day s, 16:00-16:30, Location: Senses Spa & Salon

Carrie Stone Live. | Never OOOOOWon't miss

Available: Day 4, 18:45-19:00, Location: Deck 12, Stage.

Available: Day 4, 19:00-19:30, Location: Deck 12, Stage.

Champagne Tasting (21+). Nominal fee. Reservation required.
| Never OOOOO Won't miss

Available: Day 2, 12:15-13:00, Location: Ooh La La

Available: Day 6, 13:45-14:15, Location: Ooh La La

Chinese Herbs. | Never OOOOOWon't miss

Available: Day 6, 13:15-13:45, Location: Senses Spa & Salon
Chocolate & Liquor Tasting (21+). Nominal fee. Reservation
required. | Never OOOOOWon't miss

Available: Day 3, 12:15-13:30, Location: Ooh La La

Available: Day 6, 12:15-12:45, Location: Ooh La La

Club DJ Mike Sincere. | Never OOOOOWon't miss

Description: D] Mike Sincere, a Los Angeles native, has been DJing
professionally for audiences all over the world. He’s spun for compa-
nies such as Nike, H&Mm Forever 21, Adidas, G by Guess, Microsoft
and the Espy’s. Mike has played for celebrities such as Russell Sim-
mons, Missy Elliot, DMC of Run DMC, Estelle and UFC Heavy weight
Champion Kane Velasquez. Outside of the Corporate World he is a
regular on the Nightclub circuit in Hollywood, Orange Country, Las
Vegas and even Hawaii. Mike Sincere’s favorite ride at Disneyland is
Space Mountain and his favorite Disney character is Mickey Mouse.
Available: Day 1, 21:30-22:00, Location: The Tube

Available: Day 1, 23:15-00:15, Location: The Tube

Available: Day 2, 21:30-22:15, Location: The Tube
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Available: Day 3,21:30-22:15, Location: The Tube

Available: Day 6, 21:30-22:15, Location: The Tube

Available: Day 6, 23:30-00:15, Location: The Tube

Cognac Tasting (21+). Nominal fee. Reservation required. |
Never OOOOOWon't miss

Available: Day 2, 22:00-23:00, Location: Cove Caté

Available: Day 3, 22:30-23:15, Location: Meridian

Complimentary Footprint Analysis. | Never OOOOOWon't miss
Available: Day 3, 17:00-17:45, Location: Senses Spa & Salon

Crafts: Origami Creations. | Never OOOOOWon't miss
Available: Day 3, 11:15-11:45, Location: O’Gills Pub

Crafts: Tile Coasters. | Never OOOOOWon't miss

Available: Day 3,09:45-10:15, Location: O’Gills Pub

Cruise Staff DJ. | Never OOOOOWon't miss

Available: Day s, 23:30-00:15, Location: The Tube

Detox for Health & Weight Loss. | Never OOOOOWon't miss
Available: Day 2, 11:00-11:30, Location: Senses Spa & Salon
Available: Day 6, 14:00-14:30, Location: Senses Spa & Salon
Digestive Management Seminar. | Never OOOOOWon't miss
Available: Day s, 16:30-17:00, Location: Senses Fitness Center
Available: Day 7, 16:15-17:00, Location: Senses Spa & Salon

Disney Vacation Club: Group Preview. | Never OOOOOWon't
miss

Description: Want to learn more about taking magical vacations year af-
ter year? Please see a Disney Vacation Club representative on Deck 4,
Midship, or call 7-2805 from your stateroom phone for more informa-
tion about our interactive group presentation.

Available: Day 3, 16:15-17:00, Location: D Lounge

Disney’s Behind the Scenes: Frank Paris. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Disney Springs is the newest one-of-a-kind shopping, din-
ing and entertainment experience at Walt Disney World. Frank will
share some of the wonderful and exciting experiences that will await
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you in the years to come.

Available: Day 6, 14:00-15:00, Location: Buena Vista Theatre

DJ Requests. | Never OOOOOWon't miss

Available: Day s, 21:30-22:00, Location: The Tube

Available: Day 7, 21:30-22:15, Location: The Tube

Eat More to Weigh Less. | Never OOOOOWon't miss

Available: Day 3, 14:00-14:45, Location: Senses Spa & Salon

ESPN Dream Team Draft Day - Baseball. | Never OOOOOWon't
miss

Description: Play ball! Join the “Commissioner” and engage in this in-
teractive fantasy baseball unlike anything you've ever seen! Can YOU
draft the greatest baseball team of all time?

Available: Day 6,09:45-10:30, Location: O’Gills Pub

ESPN Dream Team Draft Day - Basketball. | Never OOOOOWon't
miss

Description: Join the “Commissioner” and engage in this interactive
fantasy basketball draft unlike anything you've ever seen! Can YOU
draft the greatest basketball team of all-time?

Available: Day s, 17:30-18:15, Location: O’Gills Pub

ESPN Dream Team Draft Day - Football. | Never OOOOOWon't
miss

Available: Day 2, 11:30-12:15, Location: O’Gills Pub

Fab Abs. | Never OOOOOWon't miss

Available: Day 2, 07:45-08:15, Location: Senses Fitness Center
Available: Day 3,07:45-08:30, Location: Senses Fitness Center
Available: Day 4, 08:30-09:00, Location: Senses Spa & Salon
Available: Day s, 08:30-09:00, Location: Senses Fitness Center
Available: Day 6, 07:45-08:15, Location: Senses Fitness Center
Available: Day 7, 08:30-09:00, Location: Senses Fitness Center
FireLites LIVE. | Never OOOOOWon't miss

Available: Day 6, 23:30-00:00, Location: La Piazza

Footprint Analysis. | Never OOOOOWon't miss

Available: Day 1, 17:15-17:45, Location: Senses Spa & Salon
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Available: Day 2, 17:00-17:30, Location: Senses Spa & Salon
Available: Day 4, 16:00-16:30, Location: Senses Spa & Salon
Available: Day 6, 08:30-09:00, Location: Senses Spa & Salon
Available: Day 6, 17:00-17:30, Location: Senses Spa & Salon
Available: Day 7, 17:00-17:30, Location: Senses Spa & Salon

Friends of Bill W.. | Never OOOOOWon't miss

Available: Day 2, 08:30-09:00, Location: Outlook

Available: Day 3, 08:30-09:00, Location: Outlook

Available: Day 4, 08:30-09:00, Location: Outlook

Available: Day s, 08:30-09:00, Location: Outlook

Available: Day 6, 08:30-09:00, Location: Outlook

Available: Day 7, 08:30-09:00, Location: Outlook

Good Feet Seminar: Walking In Comfort. | Never OOOOOWon't
miss

Available: Day 2, 14:00-14:30, Location: Senses Fitness Center
Group Cycling. | Never OOOOO Won't miss

Available: Day 2, 16:00-16:30, Location: Senses Fitness Center
Available: Day 3, 16:00-16:45, Location: Senses Fitness Center
Available: Day 6, 16:00-16:30, Location: Senses Fitness Center

How to Increase Your Metabolism. | Never OOOOOWon't miss
Available: Day 3, 11:00-11:45, Location: Senses Spa & Salon
Hypnosis Seminar with Ricky Kalmon. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Hypnotist Ricky Kalmon will reveal the secrets of losing
weight and reducing stress with the use of self-hypnosis.

Available: Day 3, 11:00-12:00, Location: Buena Vista Theatre

Ice Breakers. | Never OOOOOWon't miss

Available: Day 3, 22:15-22:45, Location: The Tube

Available: Day 7, 22:15-22:45, Location: The Tube

Introduction to Acupuncture. | Never OOOOOWon't miss
Available: Day 2, 10:15-10:45, Location: Senses Spa & Salon

Italian Cocktails Tasting (21+). Nominal fee. Reservation re-
quired. | Never OOOOOWon't miss
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Available: Day 3, 16:15-17:00, Location: La Piazza

Available: Day 6, 16:15-16:45, Location: La Piazza

Know It All Trivia. | Never OOOOOWon't miss

Description: Do you think you know it all? Put yourself to the test as
your Club Host, pushes the limits of your knowledge at Know It All
Trivia.

Available: Day 3, 12:30-13:00, Location: O’Gills Pub

Available: Day 3, 20:30-21:00, Location: O’Gills Pub

Available: Day 3, 18:30-19:00, Location: O’Gills Pub

Krazy Karaoke followed Club DJ Mike Sincere. | Never OOOOOWon't
miss

Description: Take to the stage, grab a microphone and sing your favorite
tunes with your Club Host and Cruise Staft DJ.

Available: Day 4, 23:00-00:15, Location: The Tube

Live Guitar with Carrie Stone. | Never OOOOOWon't miss
Description: Join Carrie Stone as she plays live guitar for your listening
pleasure.

Available: Day 4, 21:30-22:15, Location: Deck 12, Stage.

Available: Day s, 19:30-20:15, Location: O’Gills Pub

Live Music with Andrea & Rafaela. | Never OOOOOWon't miss
Available: Day 1, 19:30-20:15, Location: La Piazza

Available: Day 1, 21:30-22:15, Location: La Piazza

Available: Day 3, 19:30-20:15, Location: La Piazza

Available: Day s, 19:30-20:15, Location: La Piazza

Available: Day 7, 19:30-20:15, Location: La Piazza

Live Music with FireLites. | Never OOOOOWon't miss
Available: Day 2, 19:30-20:15, Location: La Piazza

Available: Day 6, 19:30-20:15, Location: La Piazza

Available: Day 7, 11:00-11:45, Location: Deck 12

Live Music with Rob Sanders. | Never OOOOOWon't miss
Description: Join Rob Sanders as he plays live for your listening plea-
sure.

Available: Day 4, 21:30-22:15, Location: La Piazza
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Available: Day 7,20:30-21:15, Location: La Piazza

London Rocks!. | Never OOOOOWon't miss

Description: Hop onboard and hit the dance floor as we take you on
a ride through the charts, partying it up to some of the hottest British
hits!

Available: Day s, 23:00-23:30, Location: The Tube

Majority Rules. | Never OOOOOWon't miss

Description: Join your Club Hogt, to find out who really rules!
Available: Day 6, 22:15-22:45, Location: The Tube

Margarita Tasting (21+). Nominal fee. Reservation required. |
Never OOOOOWon't miss

Available: Day 6, 16:30-17:00, Location: Ooh La La

Martini Tasting (21+). Nominal fee. Reservation required. |
Never OOOOOWon't miss

Available: Day 2, 13:00-13:45, Location: Meridian

Available: Day 3, 13:00-13:45, Location: Meridian

Available: Day 6, 15:00-16:00, Location: Meridian

Match Your Mate. | Never OOOOOWon't miss Description: It’s
time to play everyone’s favourite couples game show, Match Your Mate!
Available: Day 1, 22:30-23:15, Location: The Tube

Mixology (21+). Nominal fee. Reservation required. | Never
OOOOOWon't miss

Available: Day 2, 15:00-16:00, Location: Meridian

Available: Day 2, 16:00-17:00, Location: Skyline

Available: Day 3, 16:00-16:45, Location: Skyline

Available: Day 6, 14:00-14:30, Location: Skyline

Available: Day 6, 16:00-16:30, Location: Skyline

Movie Quotes Trivia. | Never OOOOOWon't miss

Available: Day 3, 10:30-11:15, Location: O’Gills Pub

Available: Day 6, 10:45-11:30, Location: O’Gills Pub

Pop!. | Never OOOOOWon't miss

Description: Have you ever been told you are full of useless information
about pop culture? If the answer is “Yes”, then you have what it takes to
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play the high energy game show all about the world of Pop!
Available: Day s, 22:00-22:30, Location: The Tube

Pure Form Pilates. | Never OOOOOWon't miss

Available: Day 4, 17:00-17:30, Location: Senses Fitness Center
Available: Day s, 17:00-17:30, Location: Senses Fitness Center

Rum Tasting (21+). Nominal fee. Reservation required. | Never

OOOOOWon't miss

Available: Day 3, 15:00-15:45, Location: Meridian
Available: Day 6, 13:00-13:30, Location: Meridian

Secrets to a Flatter Stomach. | Never OOOOOWon't miss
Available: Day 6, 11:00-11:30, Location: Senses Spa & Salon
Singles’ Lunch. | Never OOOOOWon't miss

Available: Day 2, 12:45-13:15, Location: Royal Court
Available: Day 3, 12:45-13:15, Location: Royal Court
Available: Day 6, 12:15-12:45, Location: Royal Court
Sophia Fiori Seminar. | Never OOOOOWon't miss
Available: Day 3,09:00-09:45, Location: The Tube

Spa Open House. | Never OOOOOWon't miss
Available: Day 1, 13:45-15:00, Location: Senses Spa & Salon
SpaRaffle. | Never OOOOOWon't miss

Available: Day 1, 15:00-15:30, Location: Senses Spa & Salon

Stem to Stern Wine Tasting (21+). Nominal fee. Reservation re-

quired. | Never OOOOOWon't miss

Available: Day 2, 13:45-14:45, Location: Ooh La La

Available: Day 3, 13:45-14:30, Location: Ooh La La

Sunrise Stretch. | Never OOOOOWon't miss

Available: Day 2, 07:00-07:30, Location: Donald’s Pool
Available: Day 4, 07:00-07:30, Location: Senses Fitness Center
Available: Day s, 07:00-07:30, Location: Senses Fitness Center
Available: Day 7, 07:00-07:30, Location: Donald’s Pool

Team Trivia. | Never OOOOOWon't miss

Available: Day 3, 19:30-20:00, Location: O’Gills Pub
Available: Day 4, 19:45-20:15, Location: O’Gills Pub
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Available: Day 6, 15:15-15:45, Location: O’Gills Pub

Available: Day 6, 18:30-19:00, Location: O’Gills Pub

Available: Day 6, 20:45-21:15, Location: O’Gills Pub

Tequila & Margarita Tasting (21+). Nominal fee. Reservation
required. | Never OOOOOWon't miss

Available: Day 2, 16:30-17:30, Location: Ooh La La

Available: Day 3, 16:30-17:15, Location: Ooh La La

The Comedy & Hypnosis of Ricky Kalmon. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Featuring the Comedy & Hypnosis of Ricky Kalmon, as
he entertains you in this adult exclusive show.

Available: Day 3, 23:00-23:45, Location: Walt Disney Theatre

The Comedy & Jugging of Michael Dubois. | Never OOOOOWon't
miss

Description: Featuring the Comedy & Juggling of Michael Dubois, as
he entertains you in this adult exclusive show.

Available: Day 7, 22:45-23:15, Location: The Tube

The Comedy & Magic of David Williamson. Don’t Miss Event. |
Never OOOOOWon't miss

Description: Featuring the Comedy and Magic of David Williamson, as
he entertains you in this adult exclusive show.

Available: Day 6, 23:00-23:30, Location: Walt Disney Theatre

The Comedy & Ventriloquism of David Crone. |Never OOOOOWon't
miss

Description: Featuring the Comedy & Ventriloquism of David Crone
for Families and Adults

Available: Day 2, 22:45-23:15, Location: The Tube

The Quest. | Never OOOOOWon't miss

Available: Day 2, 22:15-22:45, Location: The Tube

Tongue & Pulse Analysis. | Never OOOOOWon't miss

Available: Day 1, 16:30-17:00, Location: Senses Spa & Salon

TV Tunes Trivia. | Never OOOOOWon't miss

Available: Day 2, 16:15-16:45, Location: O’Gills Pub
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Available: Day 3, 15:45-16:15, Location: O’Gills Pub

Ultimate Disney Trivia. | Never OOOOO Won't miss

Available: Day 6, 13:00-13:30, Location: O’Gills Pub

Walk in Acupuncture Digestive Management Seminar. | Never
OOOOOWon't miss

Available: Day 2,09:00-09:30, Location: Senses Spa & Salon

Watch Seminar. | Never OOOOOWon't miss

Available: Day 3, 11:45-12:15, Location: La Piazza

Whiskey Tasting (21+). Nominal fee. Reservation required. |
Never OOOOOWon't miss

Available: Day 2, 22:30-23:30, Location: Meridian

Available: Day 3, 22:00-22:45, Location: Cove Café

Yoga. | Never OOOOOWon't miss

Available: Day 3, 07:00-07:45, Location: Donald’s Pool

Available: Day 6, 07:00-07:30, Location: Donald’s Pool

Yoga on the Beach. | Never OOOOOWon't miss

Available: Day 7, 12:00-12:30, Location: Serenity Bay

Part III. ITINERARY PLANNER

In this part users are asked to organise the activities into a day-wise itinerary.

Day 1 of 7
Ship: Disney Fantasy Weather:
Destination: Eastern Caribbean Today: Sunny
Itinerary: A Tomorrow: Partly Sunny
Date: 20.06.2015 Today High 86F 30C
Weekday: Saturday Tomorrow High 84F 29C
Sunrise: 06:25 Special Holiday Edition: No
Sunset: 20:21 Holiday: No

Evening Attire: Cruise Casual
Port: Port Canaveral, Florida
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Event Going | Not going

11:30 - 15:00. Characer Meet & Greet Ticket O O
Distribution . Category: Characters. Location:
Port Adventures Desk. Don’t Miss Event

13:00 - 13:30. Walking Ship Tour . Category: O O
Fun for all ages. Location: Preludes. Don’t Miss

Event

13:45 - 15:15. Poolside Jams with Cruise Staff O O
DJ . Category: Fun for all ages. Location: Deck

11 Stage

13:45 - 15:00. Spa Open House . Category: O O
Adults. Location: Senses Spa & Salon

14:00 - 14:30. Walking Ship Tour . Category: O O
Fun for all ages. Location: Preludes. Don’t Miss

Event

14:00 - 15:00. Acupuncture Demonstration . | O

Category: Adults. Location: Senses Spa & Salon
14:30 - 15:15. Disney Vacation Club: Members O O
Celebration . Category: Fun for all ages. Loca-
tion: D Lounge

15:00 - 15:30. Spa Raflle. Category: Adults. Lo- | O O
cation: Senses Spa & Salon

16:00 - 16:30. Mandatory Life Boat Drill . Cat- O O
egory: Fun for all ages. Location: Assembly Sta-

tion

16:30 - 17:15. Sailing Away . Category: Fun for O O

all ages. Location: Deck Stage. Don’t Miss Event
16:30 - 17:00. Tongue & Pulse Analysis . Cate- O O
gory: Adults. Location: Senses Spa & Salon
17:15 - 17:30. Mickey . Category: Characters. O O

Location: Lobby Atrium, Hallway
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Event Going | Not going

17:15 - 17:45. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon

17:45 - 19:00. Tarzan. Category: Funnel Vision. O O
Location: Funnel Vision

17:45 - 19:24. Strange Magic. Category: Buena O O
Vista Theatre. Location: Buena Vista Theatre

17:45 - 18:00. Minnie . Category: Characters. O O
Location: Lobby Atrium, Hallway

18:15 - 19:00. A Fantasy Come True . Category: O O
Fun for all ages. Location: Walt Disney Theatre.

Event of the Day

19:15 - 19:30. Mickey. Category: Characters. O O

Location: Lobby Atrium, Hallway
19:15 - 20:15. Family Dance Party . Category: O O
Fun for all ages. Location: The Tube
19:30 - 19:45. Tiana. Category: Characters. Lo- O O
cation: Deck 4, Balcony
19:30 - 20:15. So You Think You Know Your O O
Family? . Category: Fun for all ages. Location:

D Lounge

19:30-20:15. Live Music with Andrea & Rafaela O O
. Category: Adults. Location: La Piazza

19:45 - 20:00. Minnie . Category: Characters. O O
Location: Lobby Atrium, Hallway

20:00 - 21:15. Brother Bear. Category: Funnel O O
Vision. Location: Funnel Vision

20:00 - 21:39. Strange Magic. Category: Buena O O
Vista Theatre. Location: Buena Vista Theatre

20:00 - 20:15. Cinderella. Category: Charac- | O O

ters. Location: Deck 4, Balcony
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Event Going | Not going

20:00 - 22:30. 1820 Society: Stir it. Blend it. O O
Taste it. . Category: Adults. Location: Cove

Caté

20:30 - 21:30. A Fantasy Come True . Category: O O
Fun for all ages. Location: Walt Disney Theatre

21:30 - 21:45. Goofy . Category: Characters. O O
Location: Lobby Atrium, Hallway

21:30 - 21:45. Cinderella . Category: Charac- O O
ters. Location: Deck 4, Balcony

21:30 - 22:15. Live Music with FireLites . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium

21:30 - 22:00. Club DJ Mike Sincere . Category: | O O
Adults. Location: The Tube

21:30-22:15. Live Music with Andrea & Rafaela O O
. Category: Adults. Location: La Piazza

21:45 - 22:30. So You Think You Know Your O O
Family? . Category: Fun for all ages. Location:

D Lounge

22:00 - 23:45. The Princess and the Frog. Cate- O O
gory: Funnel Vision. Location: Funnel Vision

22:00 - 22:15. Mickey . Category: Characters. | O O
Location: Lobby Atrium, Hallway

22:15 - 23:36. Monkey Kingdom. Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

22:30 - 23:30. Family Karaoke . Category: Fun O O

for all ages. Location: D Lounge
22:30 - 23:00. FireLites Live . Category: Fun for O O
all ages. Location: Lobby Atrium
22:30 - 23:15. Match Your Mate . Category: O O
Adults. Location: The Tube
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Event Going | Not going

23:15 - 00:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube
23:30 - 00:00. Andrea & Rafaela LIVE . Cate- O O

gory: Adults. Location: La Piazza

Day 2 of 7
Ship: Disney Fantasy Weather:
Destination: Eastern Caribbean Today: Partly Sunny
Itinerary: A Tomorrow: Partly Sunny
Date: 21.06.2015 Today High 84F 29C
Weekday: Sunday Tomorrow High 82F 28C
Sunrise: 06:14 Special Holiday Edition: No
Sunset: 19:44 Holiday: No
Evening Attire: Formal
Port: At Sea
Event Going | Not going
07:00 - 07:30. Sunrise Stretch . Category: O O
Adults. Location: Donald’s Pool
07:45 - 08:15. Fab Abs.. Category: Adults. Loca- O O
tion: Senses Fitness Center
08:00 - 09:00. Open House Toddler Time. Cat- | O O
egory: Fun for all ages. Location: Open House
08:30 - 10:15. Finding Nemo (G). Category: O O
Funnel Vision. Location: Funnel Vision
08:30 - 10:18. Big Hero 6 (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista
Theatre
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Event Going | Not going

08:30 - 09:00. Wake Up with Disney Junior . O O
Category: Characters. Location: D Lounge

08:30 - 09:00. Friends of Bill W. . Category: O O
Adults. Location: Outlook

09:00 - 09:15. Minnie . Category: Characters. O O

Location: Deck 4, Balcony
09:00 - 09:30. Walking Ship Tour . Category: O O
Fun for all ages. Location: Preludes
09:00 - 09:30. Boot Camp . Category: Adults. O O
Location: Senses Fitness Center
09:00 - 09:30. Walk in Acupuncture Digestive O O
Management Seminar . Category: Adults. Loca-
tion: Senses Spa & Salon

09:15 - 09:30. Jessie . Category: Characters. Lo- O O
cation: Lobby Atrium, Vestibule

09:15 - 10:15. Art of The Theme Show Tour . O O
Category: Adults. Location: Meridian

09:30 - 09:45. Pluto . Category: Characters. Lo- O O
cation: Deck 4, Balcony

09:30 - 10:00. Interdenominational Service . O O
Category: Fun for all ages. Location: Outlook

09:45 - 10:00. Woody . Category: Characters. O O
Location: Lobby Atrium, Vestibule

09:4§ - 10:30. Disney Animation: Creating a O O

Character . Category: Fun for all ages. Location:
D Lounge. Don’t Miss Event

09:45 - 10:30. Father’s Day Crafts . Category: O O
Fun for all ages. Location: La Piazza
10:15 - 11:30. Toy story (G). Category: Funnel O O
Vision. Location: Funnel Vision
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Event Going | Not going

10:15 - 10:45. Introducion to Acupuncture . O O
Category: Adults. Location: Senses Spa & Salon

10:30 - 11:00. Disney Trivia . Category: Fun for O O
all ages. Location: La Piazza

10:45 - 12:55. Tomorrowland (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

10:45 - 11:15. 50's and 60’s Music Trivia . Cate- O O
gory: Adults. Location: O’Gills Pub

11:00 - 11:15. Bingo Pre Sales . Category: Fun O O

for all ages. Location: D Lounge
11:00 - 11:30. Detox for Health & Weight Loss . O O
Category: Adults. Location: Senses Spa & Salon

11:15 - 12:00. Bingo - Diamond Jackpot Bingo. | O O
Category: Fun for all ages. Location: D Lounge

11:15 - 12:00. Crafts: Door Hangers . Category: | O
Fun for all ages. Location: La Piazza

11:30 - 12:15. ESPN Dream Team Draft Day - O O
Football . Category: Adults. Location: O’Gills

Pub

12:15 - 12:45. Pitionary Challenge . Category: O O
Fun for all ages. Location: La Piazza

12:15 - 12:45. 1820 Society: Lunch . Category: O U
Adults. Location: Royal Court

12:15 - 13:00. Champagne Tasting (21+). Cate- | [ O
gory: Adults. Location: Ooh La La

12:30 - 13:30. Movie Challenge Poolside. Cate- O O

gory: Funnel Vision. Location: Funnel Vision
12:30 - 13:15. Disney Vacation Club - Group O O
Preview . Category: Fun for all ages. Location:

D Lounge
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Event Going | Not going

12:45 - 13:15. Singles’ Lunch . Category: Adults. O O
Location: Royal Court

13:00 - 13:45. Martini Tasting (21+). Category: O O
Adults. Location: Meridian

13:15 - 13:45. Disney Trivia . Category: Fun for O O
all ages. Location: La Piazza

13:15 - 13:45. Acupuncture Clinic . Category: O O
Adults. Location: Senses Spa & Salon

13:30 - 13:45. Goofy . Category: Characters. O O
Location: Deck 4, Balcony

13:45 - 14:30. Port & Shopping Talk . Cat- O O
egory: Buena Vista Theatre. Location: Buena

Vista Theatre

13:45 - 14:45. Stem to Stern Wine Tasting O O
(21+). Category: Adults. Location: Ooh La La

14:00 - 14:45. The Comedy & Hypnosis of O O

Ricky Kalmon . Category: Fun for all ages. Lo-
cation: Walt Disney Theatre

14:00 - 14:30. Good Feet Seminar: Walking In O O
Comfort . Category: Adults. Location: Senses
Fitness Center

14:15 - 15:00. Mickey 200 . Category: Fun for O O
all ages. Location: The Tube. Don’t Miss Event

14:15 - 15:00. Anyone Can Cook: Lobster Ravi- O O
oli . Category: Adults. Location: D Lounge.

Don’t Miss Event

15:00 - 15:45. Disney Tunes Trivia . Category: O O

Fun for all ages. Location: La Piazza
15:00 - 15:45. Live Guitar with Carrie Stone . O O
Category: Fun for all ages. Location: Deck 12,

Stage
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Event Going | Not going

15:00 - 16:00. Mixology (21+). Category: | O O
Adults. Location: Meridian

15:15 - 16:36. Monkey Kingdom (G). Cate- O O
gory: Buena Vista Theatre. Location: Buena

Vista Theatre

15:15 - 15:45. 1820 Society: Mini Golf. Cate- O O
gory: Adults. Location: Goofy Golf

15:15 - 15:45. Acupuncture: Artbritis and Back O O
Pain Solutions . Category: Adults. Location:

Senses Spa & Salon

15:30 - 17:00. Brave (PG). Category: Funnel Vi- O O
sion. Location: Funnel Vision

16:00 - 16:15. Bingo Pre Sales . Category: Fun O O
for all ages. Location: D Lounge

16:00 - 17:00. Mixology (21+). Category: | O O
Adults. Location: Skyline

16:00 - 16:30. Group Cycling . Category: O O
Adults. Location: Senses Fitness Center

16:15 - 16:30. Minnie . Category: Characters. O O
Location: Preludes

16:15 - 17:00. Bingo - $5,000 Mega Jackpot O O
Bingo . Category: Fun for all ages. Location: D

Lounge

16:15 - 17:00. Crafts: Origami Flowers . Cate- O O
gory: Fun for all ages. Location: La Piazza

16:15 - 16:45. TV Tunes Trivia . Category: O O
Adults. Location: O’Gills Pub

16:30 - 16:45. Daisy . Category: Characters. Lo- O O

cation: Deck 4, Balcony
16:30 - 17:30. Tequila & Margarita Tasting O O
(21+). Category: Adults. Location: Ooh LaLa
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Event Going | Not going

16:45 - 17:00. Donald . Category: Characters. O O
Location: Preludes

17:00 - 19:22. Avengers: Age of Ultron (PG- O O
13). Category: Buena Vista Theatre. Location:

Buena Vista Theatre

17:00 - 17:15. Minnie . Category: Characters. O a

Location: Deck 4, Balcony
17:00 - 18:00. Captain’s Welcome Reception O O
. Category: Fun for all ages. Location: Lobby
Atrium. Don’t Miss Event

17:00 - 18:00. Live Music with Andrea & Rafaela O O
. Category: Fun for all ages. Location: Lobby
Atrium

17:00 - 17:30. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon
17:00 - 18:00. Formal Portraits tonight! . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium
17:15 - 19:00. Ratatouille (G). Category: Funnel | O O
Vision. Location: Funnel Vision
17:15 - 17:30. Pluto . Category: Characters. Lo- O O
cation: Preludes
17:30 - 17:45. Mickey . Category: Characters. O O
Location: Deck 4, Balcony
17:45 - 18:00. Minnie . Category: Characters. O O
Location: Preludes
18:00 - 18:15. Chip & Dale . Category: Charac- | O O
ters. Location: Deck 4, Balcony
18:15 - 19:00. Disney’s Aladdin: Musical Spec- | O O
tacular . Category: Fun for all ages. Location:
Walt Disney Theatre. Event of the Day
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Event Going | Not going

19:00 - 19:30. Family Dance Party . Category: O O
Fun for all ages. Location: The Tube

19:15 - 19:30. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

19:15 - 20:30. Formal Portraits tonight! . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium

19:30 - 20:45. Pixar Short Films (G). Category: O O
Funnel Vision. Location: Funnel Vision

19:30 - 19:45. Daisy . Category: Characters. Lo- O O
cation: Preludes

19:30 - 20:00. Variety: David Crone . Category: O O
Fun for all ages. Location: The Tube. Don’t Miss

Event

19:30 - 20:30. Captain’s Welcome Reception O O

. Category: Fun for all ages. Location: Lobby
Atrium. Don’t Miss Event

19:30 - 20:15. Club D Dance Party . Category: O O
Fun for all ages. Location: D Lounge

19:30 - 20:15. Live Music with FireLites . Cate- O O
gory: Adults. Location: La Piazza

19:45 - 20:00. Mickey. Category: Characters. | O O
Location: Deck 4, Balcony

20:00 - 22:22. Avengers: Age of Ultron (PG- O O
13). Category: Buena Vista Theatre. Location:

Buena Vista Theatre

20:00 - 20:15. Goofy . Category: Characters. | O O

Location: Preludes
20:30 - 21:30. Disney’s Aladdin: Musical Spec- | O O
tacular . Category: Fun for all ages. Location:
Walt Disney Theatre. Event of the Day
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Event Going | Not going

20:45 - 21:15. Adult Trivia . Category: Adults. O O
Location: O’Gills Pub
21:00 - 22:00. Dumbo (G). Category: Funnel | O O

Vision. Location: Funnel Vision
21:30 - 21:45. Minnie . Category: Characters. O O
Location: Preludes
21:30-22:15. Live Music with Andrea & Rafaela O O
. Category: Fun for all ages. Location: Lobby

Atrium

21:30 - 22:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube

21:30 - 22:30. Formal Portraits tonight! . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium

21:45 - 22:00. Mickey . Category: Characters. | O O
Location: Deck 4, Balcony

21:45 - 22:30. Club D Dance Party . Category: O O
Fun for all ages. Location: D Lounge

21:45 - 22:15. 1820 Society: Game Challenge . O O
Category: Adults. Location: O’Gills Pub

22:00 - 22:15. Donald . Category: Characters. | O O
Location: Preludes

22:00 - 23:00. Cognac Tagting (21+). Category: O O
Adults. Location: Cove Café

22:15 - 22:30. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

22:15 - 22:45. The Quest. Category: Adults. Lo- O O
cation: The Tube

22:30 - 00:00. Enchanted (PG). Category: Fun- | O O

nel Vision. Location: Funnel Vision
22:30 - 23:30. Family Karaoke . Category: Fun O O

for all ages. Location: D Lounge
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Event Going | Not going
22:30 - 23:00. Rob Sanders LIVE . Category: O O
Fun for all ages. Location: Lobby Atrium

22:30 - 23:30. Whiskey Tasting (21+). Cate- O O
gory: Adults. Location: Meridian

22:45 - 00:55. Tomorrowland (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista
Theatre

22:45 - 23:15. The Comedy & Ventriloquism of O O
David Crone . Category: Adults. Location: The
Tube

23:15 - 00:15. 80s 90’s Remix with Club D]J O O
Mike Sincere . Category: Adults. Location: The
Tube

Day 3 of 7
Ship: Disney Fantasy Weather:
Destination: Eastern Caribbean Today: Sunny
Itinerary: A Tomorrow: Sunny
Date: 22.06.2015 Today High 82F 28C
Weekday: Monday Tomorrow High 8oF 27C
Sunrise: 05:57 Special Holiday Edition: No
Sunset: 19:08 Holiday: No
Evening Attire: Cruise Casual
Port: At Sea
Event Going | Not going
07:00 - 07:45. Yoga . Category: Adults. Loca- O O
tion: Donald’s Pool
07:45 - 08:30. Fab Abs .. Category: Adults. Loca- O O
tion: Senses Fitness Center
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Event Going | Not going

08:30 - 09:30. The Jungle Book (G). Category: O O
Funnel Vision. Location: Funnel Vision

08:30 - 09:51. Monkey Kingdom (G). Cate- O O
gory: Buena Vista Theatre. Location: Buena

Vista Theatre

08:30 - 09:00. Friends of Bill W. . Category: O O
Adults. Location: Outlook

09:00 - 09:15. Jessie . Category: Characters. Lo- O O
cation: Lobby Atrium, Vestibule

09:00 - 09:15. Daisy . Category: Characters. Lo- O O
cation: Deck 4, Balcony

09:00 - 09:30. Wake Up with Disney Junior . O O
Category: Fun for all ages. Location: D Lounge

09:00 - 09:30. Xbox Challenge . Category: Fun | O O
for all ages. Location: O’Gills Pub

09:00 - 09:45. Sophia Fiori Seminar . Category: O O
Adults. Location: The Tube

09:00 - 09:45. Body Sculpt Boot Camp . Cate- O O
gory: Adults. Location: Senses Fitness Center.

Nominal fee

09:15 - 10:15. Art of The Theme Show Tour . O O

Category: Adults. Location: Meridian
09:15 - 10:00. Acupuncture Seminar: Artritis O O
Solutions . Category: Adults. Location: Senses
Fitness Center

09:30 - 09:45. Woody . Category: Characters. O O
Location: Lobby Atrium, Vestibule
09:30 - 09:45. Pluto . Category: Characters. Lo- O O

cation: Deck 4, Balcony
09:30 - 10:00. Disney Trivia. Category: Fun for O O

all ages. Location: La Piazza
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Event Going | Not going

09:45 - 10:30. Disney Animation: Cartoon | O
Physics . Category: Fun for all ages. Location:
D Lounge. Don’t Miss Event

09:45 - 10:15. Crafts: Tile Coasters. Category: O O
Adults. Location: O’Gills Pub

10:15 - 11:45. Monsters, Inc. (G). Category: O O
Funnel Vision. Location: Funnel Vision

10:30 - 11:15. Movie Quotes Trivia. Category: O O
Adults. Location: O’Gills Pub

11:00 - 12:00. Hypnosis Seminar with Ricky O O

Kalmon. Category: Buena Vista Theatre. Loca-
tion: . Don’t Miss Event

11:00 - 11:15. Bingo Pre Sales . Category: Fun O O
for all ages. Location: D Lounge

11:00 - 11:4S. How to Increase Your O O
Metabolism . Category: Adults. Location:

Senses Spa & Salon

11:15 - 12:00. Bingo: DCL Gift Pack Jackpot | O O

with Sophia Fiori . Category: Fun for all ages.
Location: D Lounge

11:15 - 11:45. Crafts: Origami Creations . Cat- O O
egory: Adults. Location: O’Gills Pub

11:45 - 12:30. Crafts: Memory Pages. Category: O O
Fun for all ages. Location: O’Gills Pub

11:45 - 12:15. Watch Seminar . Category: O O
Adults. Location: La Piazza

12:15 - 12:45. 1820 Society: Lunch . Category: O O
Adults. Location: Royal Court

12:15 - 13:30. Chocolate & Liquor Tasting O O

(21+). Category: Adults. Location: Ooh La La.
Nominal fee. Reservation required
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Event Going | Not going

12:30 - 13:15. Disney Vacation Club: Group O O
Preview . Category: Fun for all ages. Location:

D Lounge

12:30 - 13:00. Know It All Trivia . Category: O O
Adults. Location: O’Gills Pub

13:45 - 14:15. Crafts: Origami Frogs . Category: O O
Fun for all ages. Location: La Piazza

13:45 - 14:15. 708 Music Trivia . Category: O O
Adults. Location: O’Gills Pub

13:45 - 14:30. Stem to Stern Wine Tasting O O

(21+). Category: Adults. Location: Ooh La La.
Nominal fee. Reservation required

14:00 - 15:00. Disney’s Behind the Scenes: O O
Frank Paris . Category: Buena Vista Theatre. Lo-
cation: Buena Vista Theatre. Don’t Miss Event

14:00 - 14:15. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

14:00 - 15:42. Inside Out (PG). Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Don’t Miss Event

14:00 - 14:45. Eat More to Weigh Less . Cate- O O

gory: Adults. Location: Senses Spa & Salon
14:15 - 14:30. Mickey. Category: Characters. O O
Location: Preludes
14:15 - 15:00. Crafts: Paper Plane Making. Cat- O O
egory: Fun for all ages. Location: La Piazza
14:15 - 15:00. Anyone Can Cook: Sea Bass . O O
Category: Adults. Location: D Lounge
14:30 - 14:45. Sofia. Category: Characters. Lo- O O

cation: Deck 4, Balcony
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Event Going | Not going

14:45 - 16:30. Wreck-It Ralph (PG). Category: O O
Funnel Vision. Location: Funnel Vision

14:45 - 15:00. Minnie . Category: Characters. O O
Location: Preludes

15:00 - 15:30. Chip It Golf. Category: Fun for O O
all ages. Location: Lobby Atrium

15:00-15:45. Diamond and Gemstone Seminar O O
. Category: Fun for all ages. Location: The Tube

15:00 - 15:45. Rum Tasting (21+). Category: O O
Adults. Location: Meridian. Nominal fee.

Reservation required

15:15 - 16:00. Acupuncture Stress, Insomnia O O
and Depression . Category: Adults. Location:

Senses Spa & Salon

15:45 - 16:15. Bingo Pre Sales . Category: Buena O O
Vista Theatre. Location: Buena Vista Theatre

15:45 - 16:15. TV Tunes Trivia . Category: O O
Adults. Location: O’Gills Pub

16:00 - 16:45. Mixology (21+). Category: O O
Adults. Location: Skyline. Nominal fee. Reser-

vation required

16:00 - 16:45. Group Cycling . Category: O O

Adults. Location: Senses Fitness Center
16:15 - 17:00. Bingo: $7000 Mega Jackpot O O
Bingo . Category: Buena Vista Theatre. Loca-
tion: Buena Vista Theatre

16:15 - 17:00. Disney Vacation Club: Group O O
Preview. Category: Adults. Location: D Lounge
16:15 - 17:00. Italian Cocktail Tasting (21+). O O
Category: Adults. Location: La Piazza. Nominal
fee. Reservation required
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Event Going | Not going

16:30 - 17:45. Cinderella (Classic) (G). Cate- O O
gory: Funnel Vision. Location: Funnel Vision

16:30 - 16:45. Pluto . Category: Characters. Lo- O O
cation: Preludes

16:30 - 17:00. Disney Trivia . Category: Fun for O O
all ages. Location: O’Gills Pub

16:30 - 17:15. Tequila & Margarita Tasting O O

(21+). Category: Adults. Location: Ooh La La.

Nominal fee. Reservation required

17:00 - 17:15. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

17:00 - 17:15. Stitch . Category: Characters. Lo- O O
cation: Preludes

17:00 - 17:45. 1820 Society: Game Challenge . O O
Category: Adults. Location: O’Gills Pub

19:15 - 19:30. Tiana. Category: Characters. Lo- O O
cation: Lobby Atrium, Vestibule

19:15 - 20:15. Family Dance Party . Category: O O
Fun for all ages. Location: The Tube

19:30 - 20:00. Mickey Mouse . Category: Char- | O O
acters. Location: Deck 4, Balcony

19:30 - 20:00. Disney’s Family Fusion . Cate- O O
gory: Funforallages. Location: D Lounge, Deck

4, Midship

19:30 - 20:00. Team Trivia . Category: Adults. | O O
Location: O’Gills Pub

19:30-20:15. Live Music with Andrea & Rafaela O O

. Category: Adults. Location: La Piazza
19:45 - 20:00. Ariel . Category: Characers. Lo- O O
cation: Lobby Atrium, Vestibule

273

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Event Going | Not going

20:00 - 22:09. McFarland, USA (PG). Cate- | O O
gory: Buena Vista Theatre. Location: Buena

Vista Theatre

20:15 - 21:45. A Bug’s Life (G). Category: Fun- O O
nel Vision. Location: Funnel Vision

20:30 - 21:30. Disney Wishes . Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Event of the Day

20:30 - 21:00. Know It All Trivia . Category: O O
Adults. Location: O’Gills Pub

21:30 - 21:45. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

21:30 - 21:45. Chip & Dale . Category: Charac- O O
ters. Location: Preludes

21:30 - 22:15. Family Karaoke . Category: Fun | O O
for all ages. Location: D Lounge

21:30 - 22:15. Live Music with FireLites . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium

21:30 - 22:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube

21:45 - 22:00. Cinderella. Category: Charac- | O O
ters. Location: Lobby Atrium, Vestibule

21:45 - 22:15. 1820 Society: Game Challenge . O O
Category: Adults. Location: O’Gills Pub

22:00 - 23:30. Disneynature Oceans (G). Cate- O O

gory: Funnel Vision. Location: Funnel Vision
22:00 - 22:15. Pluto . Category: Characters. Lo- O O
cation: Deck 4, Balcony
22:00 - 22:15. Stitch . Category: Characters. Lo- O O
cation: Preludes

274

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Event Going | Not going

22:00 - 22:45. Whiskey Tasting (21+). Cate- O O
gory: Adults. Location: Cove Café . Nominal
fee. Reservation required

22:15 - 22:45. Disney’s Family Fusion . Cate- O O
gory: Funforallages. Location: D Lounge, Deck

4, Midship

22:15 - 22:45. Ice Breakers. Category: Adults. O O
Location: The Tube

22:30 - 00:22. Cinderella (2015) (PG). Cat- O O
egory: Buena Vista Theatre. Location: Buena

Vista Theatre

22:30 - 23:00. FireLites Live . Category: Fun for O O

all ages. Location: Lobby Atrium
22:30 - 23:15. Cognac Tasting (21+). Cate- O O
gory: Adults. Location: Meridian. Nominal fee.
Reservation required

22:45 - 23:30. Family Karaoke . Category: Fun O O
for all ages. Location: D Lounge

12:45 - 13:45. Tangled (PG). Category: Funnel O O
Vision. Location: Funnel Vision

17:00 - 17:45. Complimentary Footprint Anal- O O
ysis . Category: Adults. Location: Senses Spa &

Salon

17:15 - 19:24. McFarland, USA (PG). Cate- O O
gory: Buena Vista Theatre. Location: Buena

Vista Theatre

17:15 - 17:45. Belle . Category: Characters. Lo- O O
cation: Lobby Atrium, Vestibule

17:15 - 18:00. Live Music with FireLites . Cate- O O

gory: Fun for all ages. Location: Lobby Atrium
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Event Going | Not going

23:00 - 23:45. The Comedy & Hypnosis of O O
Ricky Kalmon . Category: Adults. Loca-
tion: Walt Disney Theatre, Deck 3& 4, Forward.

Don’t Miss Event

23:45 - 00:15. 70's Remix . Category: Adults. O O
Location: The Tube

12:45 - 13:15. Singles’ Lunch . Category: Adults. O O
Location: Royal Court

13:00-13:15. Doc McStuffins . Category: Char- O O
acters. Location: Deck 4, Balcony

13:00 - 13:45. Martini Tagting (21+). Cate- O O

gory: Adults. Location: Meridian. Nominal fee.
Reservation required

13:15 - 13:45. Crafts: Origami Frogs . Category: O O
Fun for all ages. Location: La Piazza
13:30 - 13:45. Sofia. Category: Characters. Lo- O O
cation: Deck 4, Balcony
17:30 - 17:45. Goofy . Category: Characters. O O
Location: Deck 4, Balcony
18:00 - 19:00. Robin Hood (G). Category: Fun- O O
nel Vision. Location: Funnel Vision

18:15 - 19:15. Disney Wishes . Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Event of the Day

18:30 - 19:00. Know It All Trivia . Category: O O

Adults. Location: O’Gills Pub

Day 4 of 7
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Ship: Disney Fantasy Weather:

Destination: Eastern Caribbean Today: Partly Cloudy
Itinerary: A Tomorrow: Sunny

Date: 23.06.2015 Today High 80oF 27C
Weekday: Tuesday Tomorrow High 80F 27C
Sunrise: 05:38 Special Holiday Edition: No
Sunset: 18:51 Holiday: No

Evening Attire: Pirate or Cruise Casual
All Ashore: 08:00
All Abroad: 18:45
Port: St. Maarten

Event Going | Not going
07:00 - 07:30. Sunrise Stretch . Category: O O
Adults. Location: Senses Fitness Center

08:30 - 13:45. Port Adventures . Category: O O
Buena Vista Theatre. Location:

08:30 - 13:45. Port Adventures . Category: O O
Charac&ers. Location:

08:30 - 11:30. Board Games available in O’Gills O O
Pub . Category: Fun for all ages. Location:

O’Gills Pub

08:30 - 09:00. Friends of Bill W.. Category: O O
Adults. Location: Outlook

08:30 - 09:00. Fab Abs . Category: Adults. Loca- | O O

tion: Senses Spa & Salon
11:30 - 12:15. Crafts: Door Hangers . Category: O O
Fun for all ages. Location: La Piazza
14:00 - 16:00. The Incredibles (PG). Category: | O O
Funnel Vision. Location: Funnel Vision
14:00 - 14:30. Pictionary Challenge . Category: O O
Fun for all ages. Location: La Piazza
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Event Going | Not going

14:30 - 16:22. Cinderella (2015) (PG). Cat- | O O
egory: Buena Vista Theatre. Location: Buena

Vista Theatre

14:45 - 15:15. Cruisin’ for Trivia. Category: Fun O O
for all ages. Location: La Piazza

15:30 - 16:30. Pirate Crafts . Category: Fun for O O
all ages. Location: D Lounge

16:00 - 17:15. Peter Pan (G). Category: Funnel O O
Vision. Location: Funnel Vision

16:00 - 16:15. Pirate Stitch. Category: Charac- | O O
ters. Location: Lobby Atrium, Port Side

16:00 - 16:30. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon

16:15 - 16:30. Pirate Donald . Category: Char- | O O
acters. Location: Lobby Atrium, Starboard Side

16:15 - 16:45. Pirate Trivia. Category: Fun for O O
all ages. Location: D Lounge

16:30 - 17:00. Peter Pan . Category: Characters. O O
Location: Lobby Atrium, Port Side

16:30 - 16:45. Pirate Chip & Dale . Category: O O
Charac&ers. Location: Deck 4, Balcony

16:45 - 17:15. Pirate Minnie Mouse . Category: O O
Charac&ers. Location: Lobby Atrium, Starboard

Side

17:00 - 19:10. Tomorrowland (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

17:00 - 17:15. Jack Sparrow . Category: Charac- O O

ters. Location: Preludes
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Event Going | Not going

17:00 - 17:30. Disney Junior Pirate & Princess O O
Dance Party . Category: Fun for all ages. Loca-
tion: D Lounge. Don’t Miss Event

17:00 - 17:30. Pure Form Pilates . Category: O O
Adults. Location: Senses Fitness Center

17:00 - 17:15. Goofy . Category: Chara&ters. | O O
Location: Deck 4, Balcony

17:15 - 17:30. Tinker Bell . Category: Charac- O O
ters. Location: Lobby Atrium, Vestibule

17:15 - 17:45. Pirate Mickey Mouse . Category: O O
Characters. Location: Lobby Atrium, Port Side

17:30 - 19:12. Inside Out (PG). Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Event of the Day

17:30 - 17:45. Captain Hook & Mr Smee . Cat- O O
egory: Charac&ters. Location: Deck 4, Balcony

18:30 - 19:00. A Pirate’s Life For Me . Category: O O
Fun for all ages. Location: D Lounge. Don't

Miss Event

18:45 - 19:00. Carrie Stone Live . Category: O O
Adults. Location: Deck 12, Stage

19:00 - 19:15. Pirate Stitch. Category: Charac- O O
ters. Location: Deck 4, Balcony

19:00 - 19:15. Pirate Mickey . Category: Char- O O
acters. Location: Lobby Atrium, Port Side

19:00 - 19:30. Rob Sanders Live . Category: Fun O O
for all ages. Location: Lobby Atrium

19:00 - 19:30. Carrie Stone Live . Category: O O
Adults. Location: Deck 12, Stage

19:30 - 19:45. Pirate Games . Category: Fun for O O

all ages. Location: Deck Stage. Don’t Miss Event
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Event Going | Not going

19:45 - 20:15. Mickey’s PiTC. Category: Funnel O O
Vision. Location: Funnel Vision
19:45 - 20:15. Mickey’s Pirates in the Caribbean. O O
Category: Fun for all ages. Location: Deck Stage.
Don’t Miss Event

19:45 - 20:15. Team Trivia. Category: Adults. O O
Location: O’Gills Pub
20:00 - 22:10. Tomorrowland (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista
Theatre

20:15 - 21:57. Inside Out (PG). Category: Fun O O
for all ages. Location: Walt Disney Theatre.
Event of the Day

20:30-22:15. Muppet Treasure Island (G). Cat- | O O
egory: Funnel Vision. Location: Funnel Vision
20:30 - 20:45. Jack Sparrow . Category: Charac- O O
ters. Location: Preludes
20:30 - 21:00. Pirate Trivia . Category: Fun for O O
all ages. Location: Preludes
21:30 - 21:45. Pirate Donald . Category: Char- O O
acters. Location: Lobby Atrium, Port Side
21:30 - 21:45. Pirate Daisy . Category: Charac- O O
ters. Location: Lobby Atrium, Starboard Side
21:30 - 22:00. A Pirate’s Life For Me . Category: O O
Fun for all ages. Location: D Lounge. Don't
Miss Event

21:30 - 22:15. Live Music with Rob Sanders . O O
Category: Adults. Location: La Piazza
21:30 - 22:15. Live Guitar with Carrie Stone . O O
Category: Adults. Location: Deck 12, Stage
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Event Going | Not going

21:45 - 22:00. Pirate Chip & Dale . Category: O O
Chara&ers. Location: Lobby Atrium, Vestibule
22:00 - 22:135. Pirate Mickey . Category: Char- | O O
acters. Location: Lobby Atrium, Port Side
22:00 - 22:135. Pirate Minnie . Category: Char- | O O
acters. Location: Lobby Atrium, Starboard Side
22:00 - 22:15. Captain Hook & Mr Smee . Cat- O O
egory: Chara&ers. Location: Deck 4, Balcony
22:30 - 23:30. Buccaneer Blast & Club Pirate . O O
Category: Funnel Vision. Location: Deck Stage.
Don’t Miss Event

23:00 - 00:42. Inside Out (PG). Category: | O O
Buena Vista Theatre. Location: Buena Vista
Theatre

23:00 - 00:15. Krazy Karaoke followed Club DJ O O
Mike Sincere . Category: Adults. Location: The
Tube

23:30 - 00:15. Pirates of the Caribbean I (PG- O O
13). Category: Funnel Vision. Location: Funnel

Vision

Day s of 7
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Ship: Disney Fantasy
Destination: Eastern Caribbean
Itinerary: A

Date: 24.06.2015

Weekday: Wednesday

Sunrise: 05:46

Sunset: 19:00

Weather:

Today: Sunny

Tomorrow: Partly Sunny
Today High 8oF 27C
Tomorrow High 82F 28C
Special Holiday Edition: No
Holiday: No

Evening Attire: Cruise Casual

All Ashore: 07:45

All Abroad: 16:00

Port: St. Thomas & St. John, U.S. Virgin Islands

Event Going | Not going
07:00 - 07:30. Sunrise Stretch . Category: O O
Adults. Location: Senses Fitness Center

08:30 - 09:45. Alice in Wonderland (PG). Cate- O O
gory: Funnel Vision. Location: Funnel Vision

08:30 - 09:00. Friends of Bill W.. Category: O O
Adults. Location: Outlook

08:30 - 09:00. Fab Abs .. Category: Adults. Loca- | O O
tion: Senses Fitness Center

10:00 - 11:30. Mulan (G). Category: Funnel Vi- O O
sion. Location: Funnel Vision

10:30 - 12:18. Big Hero 6 (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

11:45 - 13:15. Hercules (G). Category: Funnel O O
Vision. Location: Funnel Vision

12:45 - 14:27. Inside Out (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

13:15 - 13:45. Adult Trivia. Category: Adults. O O

Location: O’Gills Pub
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Event Going | Not going

13:45 - 15:15. Snow White and the Seven O O
Dwarfs (G). Category: Funnel Vision. Location:
Funnel Vision

14:00 - 14:45. Xbox Kine& Just Dance Chal- O O
lenge . Category: Fun for all ages. Location:
O’Gills Pub

14:30 - 15:30. Art of The Theme Show Tour . O O
Category: Adults. Location: Meridian
15:00 - 17:22. Avengers: Age of Ultron (PG- O O
13). Category: Buena Vista Theatre. Location:
Buena Vista Theatre

15:00 - 15:45. Live Guitar with Carrie Stone . O O
Category: Fun for all ages. Location: Deck 12,
Stage

15:00 - 16:45. Toddler Time . Category: Fun for O O
all ages. Location: Outlook
15:15 - 16:00. Star Wars Rebels: Disney Chan- O O
nel XD (G). Category: Funnel Vision. Location:
Funnel Vision

15:30 - 15:45. Hook & Smee . Category: Char- O O
acters. Location: Deck 4, Balcony
16:00 - 16:45. Disney Animation: Staging a O O
Scene . Category: Fun for all ages. Location: D
Lounge. Don’t Miss Event

16:00 - 16:30. Burn Fat Faster . Category: O O
Adults. Location: Senses Spa & Salon

16:15 - 16:45. Disney Channel on Deck . Cate- O O
gory: Funnel Vision. Location: Funnel Vision

16:15 - 16:30. Chip & Dale . Category: Charac- | O O

ters. Location: Preludes
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Event Going | Not going

16:15 - 19:00. Family Crafts . Category: Funfor | O O
all ages. Location: D Lounge

16:15 - 16:45. 1820 Society: Giant Jenga . Cate- O O
gory: Adults. Location: O’Gills Pub

16:30 - 16:45. Minnie . Category: Characters. O O

Location: Lobby Atrium, Hallway
16:30 - 16:45. Jake . Category: Chara&ers. Lo- O O
cation: Deck 4, Balcony
16:30 - 17:00. Digestive Management Seminar . O O
Category: Adults. Location: Senses Fitness Cen-

ter

16:45 - 17:00. Donald . Category: Characters. O O
Location: Preludes

16:45 - 17:00. Tinker Bell . Category: Charac- O O
ters. Location: Lobby Atrium, Vestibule

17:00 - 17:30. Belle . Category: Characters. Lo- O O
cation: Lobby Atrium, Port Side

17:00 - 17:15. Pluto . Category: Characters. Lo- O O

cation: Lobby Atrium, Hallway
17:00 - 17:30. Pure Form Pilates . Category: | O
Adults. Location: Senses Fitness Center
17:00 - 17:15. Peter Pan . Category: Characters. O O
Location: Deck 4, Balcony
17:15 - 17:30. Mickey . Category: Characters. O O
Location: Preludes
17:15 - 18:00. Live Music with FireLites . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium
17:30 - 17:45. Goofy . Category: Characters. O O

Location: Lobby Atrium, Hallway
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Event Going | Not going

17:30 - 18:15. ESPN Dream Team Draft Day - O O
Basketball . Category: Adults. Location: O’Gills
Pub

18:15 - 19:36. Monkey Kingdom (G). Cate- O O
gory: Buena Vista Theatre. Location: Buena
Vista Theatre

18:15 - 19:00. The Magic Dave Show . Category: O O
Fun for all ages. Location: Walt Disney Theatre.
Event of the Day

18:30 - 20:00. The Aristocats (G). Category: O O
Funnel Vision. Location: Funnel Vision
19:00 - 19:30. Family Dance Party . Category: | O
Fun for all ages. Location: The Tube
19:15 - 19:30. Daisy . Category: Characters. Lo- O O
cation: Lobby Atrium, Hallway
19:15 - 19:30. Bingo Pre-Sale . Category: Fun O O
for all ages. Location: D Lounge
19:15 - 20:00. Ofhcer Pin Trading . Category: O O
Fun for all ages. Location: Preludes. Don’t Miss
Event

19:30 - 20:00. Cinderella. Category: Charac- | O O
ters. Location: Lobby Atrium, Port Side
19:30 - 19:45. Mickey . Category: Characters. O O
Location: Deck 4, Balcony
19:30 - 20:15. Double Up Jackpot Bingo . Cate- O O
gory: Fun for all ages. Location: D Lounge
19:30 - 20:00. The Quest. Category: Fun for all O O
ages. Location: The Tube. Don’t Miss Event
19:30 - 20:15. Live Guitar with Carrie Stone . O O
Category: Adults. Location: O’Gills Pub
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Event Going | Not going

19:30-20:15. Live Music with Andrea & Rafaela O O
. Category: Adults. Location: La Piazza

19:30 - 19:45. Tinker Bell . Category: Charac- O O
ters. Location: Lobby Atrium, Vestibule

19:45 - 20:00. Donald . Category: Characters. O O
Location: Lobby Atrium, Hallway

20:00 - 20:15. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

20:15 - 22:00. Finding Nemo (G). Category: O O
Funnel Vision. Location: Funnel Vision

20:30 - 21:51. Monkey Kingdom (G). Cate- O O
gory: Buena Vista Theatre. Location: Buena

Vista Theatre

20:30 - 21:15. The Magic Dave Show. Category: O O
Fun for all ages. Location: Walt Disney Theatre.

Event of the Day

20:30 - 21:15. Family Crafts. Category: Funfor | O O
all ages. Location: D Lounge

21:15 - 21:45. Ariel . Category: Characters. Lo- O O
cation: Lobby Atrium, Port Side

21:30 - 21:4§5. Stitch . Category: Characters. Lo- O O
cation: Preludes

21:30 - 22:15. Family Karaoke . Category: Fun O O
for all ages. Location: D Lounge

21:30 - 22:15. Live Music with FireLites . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium

21:30 - 22:00. DJ Requests . Category: Adults. O O
Location: The Tube

21:30 - 22:00. Andrea & Rafaela LIVE . Cate- O O

gory: Adults. Location: La Piazza
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Event Going | Not going

21:30 - 21:45. Dopey . Category: Characters. | O O
Location: Deck 4, Balcony

21:4§ - 22:00. Tinker Bell . Category: Charac- | O O
ters. Location: Lobby Atrium, Vestibule

21:45 - 22:00. Minnie . Category: Characters. O O

Location: Lobby Atrium, Hallway
22:00 - 23:30. Up (PG). Category: Funnel Vi- O O
sion. Location: Funnel Vision

22:00 - 22:15. Hook & Smee . Category: Char- O O
acters. Location: Preludes

22:00 - 22:15. Tiara. Category: Characters. Lo- O O
cation: Lobby Atrium, Port Side

22:00 - 22:30. Pop! . Category: Adults. Loca- O O
tion: The Tube

22:00 - 22:15. Mickey . Category: Characters. | O O
Location: Deck 4, Balcony

22:15 - 22:435. Saludos Amigos Fiesta. Category: O O
Fun for all ages. Location: D Lounge. Don't

Miss Event

22:30 - 00:52. Avengers: Age of Ultron (PG- O O
13). Category: Buena Vista Theatre. Location:

Buena Vista Theatre

22:30 - 23:00. FireLites Live . Category: Fun for O O
all ages. Location: Lobby Atrium

22:30 - 23:00. 80's Music Challenge . Category: O O
Adults. Location: The Tube. Don’t Miss Event

22:45 - 23:45. Family Karaoke . Category: Fun O O

for all ages. Location: D Lounge
23:00 - 23:30. London Rocks! . Category: O O
Adults. Location: The Tube
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Event Going | Not going

23:30-00:15. Cruise Staff DJ . Category: Adults. O O
Location: The Tube
23:30 - 00:00. Andrea & Rafaela LIVE . Cate- O O

gory: Adults. Location: La Piazza

Day 6 of 7
Ship: Disney Fantasy Weather:
Destination: Eastern Caribbean Today: Partly Sunny
Itinerary: A Tomorrow: Partly Sunny
Date: 25.06.2015 Today High 82F 28C
Weekday: Thursday Tomorrow High 82F 28C
Sunrise: 05:56 Special Holiday Edition: No
Sunset: 19:45 Holiday: No

Evening Attire: Semi Formal
Port: Day At Sea

Event Going | Not going
07:00 - 07:30. Yoga . Category: Adults. Loca- O O
tion: Donald’s Pool

07:45 - 08:15. Fab Abs . Category: Adults. Loca- O O
tion: Senses Fitness Center

08:00 - 09:00. Open House Toddler Time . Cat- O O

egory: Fun for all ages. Location: It’s a small
world nursery

08:30- 10:00. Tinker Bell (G). Category: Funnel | O O
Vision. Location: Funnel Vision
08:30 - 10:12. Family Movie Fun Time: Inside O O
Out (PG). Category: Buena Vista Theatre. Lo-
cation: Buena Vista Theatre
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Event Going | Not going

08:30 - 09:00. Jake & The Neverland Pirates . O O
Category: Characters. Location: D Lounge

08:30 - 09:00. Friends of Bill W. . Category: O O
Adults. Location: Outlook

08:30 - 09:00. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon

09:00-09:15. Doc McStuffins. Category: Char- O O
acters. Location: Lobby Atrium, Vestibule

09:00 - 09:30. Crafts: Origami Frogs . Category: O O

Fun for all ages. Location: La Piazza
09:00 - 09:30. Boot Camp . Category: Adults. | O O
Location: Senses Fitness Center. Nominal fee
09:15 - 09:30. Princess Minnie . Category: O O
Chara&ers. Location: Deck 4, Balcony
09:15 - 10:15. Art of The Theme Show Tour . O O
Category: Adults. Location: Meridian
09:15 - 09:45. Acupuncture Seminar Asthma & O O
Allergy Management . Category: Adults. Loca-
tion: Senses Spa & Salon

09:30 - 09:45. Jake . Category: Characters. Lo- O O
cation: Lobby Atrium, Vestibule

09:45 - 10:00. Sofia. Category: Characters. Lo- O O
cation: Deck 4, Balcony

09:45 - 10:30. Family Crafts . Category: Fun for O O
all ages. Location: La Piazza

09:45 - 10:30. ESPN Dream Team Draft Day - O O
Baseball . Category: Adults. Location: O’Gills

Pub

10:00 - 10:15. Doc McStuffins . Category: Char- O O

acters. Location: Lobby Atrium, Vestibule
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Event Going | Not going

10:00 - 10:30. Magic Workshop . Category: Fun | O O
for all ages. Location: D Lounge. Don’t Miss

Event

10:00 - 11:00. Toddler Time . Category: Funfor | O O
all ages. Location: Outlook

10:15 - 11:45. Toy Story 2. Category: Funnel Vi- O O
sion. Location: Funnel Vision

10:1§ - 10:30. Princess Minnie . Category: O O
Charac&ers. Location: Deck 4, Balcony

10:15 - 10:45. Acupuncture Seminar . Category: O O
Adults. Location: Senses Spa & Salon

10:30 - 11:00. Crafts: Origami Favorites . Cate- O O
gory: Fun for all ages. Location: La Piazza

10:45 - 13:07. Avengers: Age of Ultron (PG- O O
13). Category: Buena Vista Theatre. Location:

Buena Vista Theatre

10:45 - 11:30. Movie Quotes Trivia . Category: O O
Adults. Location: O’Gills Pub

11:00 - 11:30. Captain’s Signing . Category: Fun O O
for all ages. Location: White Caps. Don’t Miss

Event

11:00 - 11:15. Bingo Pre Sales . Category: Fun O O

for all ages. Location: D Lounge
11:00- 11:30. Secrets to a Flatter Stomach . Cat- O O
egory: Adults. Location: Senses Spa & Salon
11:15 - 12:00. Bingo: $10,000 Mega Jackpot . O O
Category: Fun for all ages. Location: D Lounge
11:30 - 12:00. Jack-Jack’s Diaper Dash . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium.

Reservation required
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Event Going | Not going

11:30 - 12:00. 1820 Society: Brunch . Category: O O
Adults. Location: Cabanas
12:00 - 12:30. Disney Trivia . Category: Fun for O O

all ages. Location: La Piazza
12:15 - 13:45. The Little Mermaid (G). Cate- O O
gory: Funnel Vision. Location: Funnel Vision
12:15 - 12:45. Singles’ Lunch . Category: Adults. O O
Location: Royal Court
12:15 - 12:45. Chocolate & Liquor Tasting O O
(21+). Category: Adults. Location: Ooh La La.
Nominal fee. Reservation required

12:30 - 13:15. Disney Vacation Club: Group O O
Preview . Category: Fun for all ages. Location:

D Lounge

12:45 - 13:15. Characer Dance Party . Cate- O O
gory: Characters. Location: Lobby Atrium

13:00 - 13:30. Crafts: 3D Crafts. Category: Fun O O
for all ages. Location: La Piazza

13:00 - 13:30. Ultimate Disney Trivia . Cate- | O
gory: Adults. Location: O’Gills Pub

13:00 - 13:30. Rum Tasting (21+). Category: O O

Adults. Location: Meridian. Nominal fee.
Reservation required

13:15 - 13:45. Chinese Herbs . Category: O O
Adults. Location: Senses Spa & Salon
13:45 - 14:15. Champagne Tagting (21+). Cat- O O
egory: Adults. Location: Ooh La La. Nominal
fee. Reservation required

14:00 - 15:00. Disney’s Behind the Scenes: O O
Frank Paris . Category: Buena Vista Theatre. Lo-
cation: Buena Vista Theatre. Don’t Miss Event
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Event Going | Not going

14:00 - 15:42. Inside Out (PG). Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Don’t Miss Event

14:00 - 14:30. Towel Folding. Category: Fun for O O
all ages. Location: The Tube

14:00 - 14:30. 90's Music Trivia . Category: O O
Adults. Location: O’Gills Pub

14:00 - 14:30. Detox for Health & Weight Loss . O O
Category: Adults. Location: Senses Spa & Salon

14:00 - 14:30. Mixology (21+). Category: O O
Adults. Location: Skyline. Nominal fee. Reser-

vation required

14:00 - 15:00. Toddler Time . Category: Fun for O O

all ages. Location: Outlook
14:15 - 15:00. Star Wars Rebels: Disney Chan- O O
nel XD (G). Category: Funnel Vision. Location:
Funnel Vision

14:15 - 15:00. Anyone Can Cook - Apple O a
Shtrudel . Category: Fun for all ages. Location:
D Lounge

15:00 - 15:15. Dopey . Category: Characters. O O
Location: Deck 4, Balcony
15:00 - 15:30. Disney Tunes Trivia . Category: O O
Fun for all ages. Location: La Piazza
15:00 - 15:45. Live Guitar with Carrie Stone . O O
Category: Fun for all ages. Location: Deck 12,
Stage

15:00 - 16:00. Martini Tasting (21+). Cate- O O
gory: Adults. Location: Meridian. Nominal fee.

Reservation required
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Event Going | Not going

15:15 - 16:45. The Lion King (G). Category: O O
Funnel Vision. Location: Funnel Vision

15:15 - 15:45. Team Trivia . Category: Adults. O O
Location: O’Gills Pub

15:30 - 15:45. Stitch . Category: Characters. Lo- O O
cation: Deck 4, Balcony

15:45 - 16:15. Bingo Pre-Sales . Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

16:00- 16:45. Crafts: Memory Pages. Category: O O
Fun for all ages. Location: D Lounge

16:00 - 16:30. Mixology (21+). Category: O O
Adults. Location: Skyline. Nominal fee. Reser-

vation required

16:00 - 16:30. Group Cycling . Category: O O
Adults. Location: Senses Fitness Center

16:15 - 17:00. Final Jackpot Bingo . Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

16:15 - 16:45. Italian Cocktails Tasting (21+). O O

Category: Adults. Location: La Piazza. Nominal
fee. Reservation required
16:30 - 17:00. Margarita Tasting (21+). Cate- | O O
gory: Adults. Location: Ooh La La. Nominal
fee. Reservation required

17:00 - 17:15. Chip & Dale . Category: Charac- O O
ters. Location: Preludes
17:00 - 18:00. Talent Show Rehearsals . Cate- O O

gory: Fun for all ages. Location: D Lounge
17:00 - 17:30. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon

293

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



Event Going | Not going

17:00 - 18:00. Professional Portraits . Category: | O O
Fun for all ages. Location: Lobby Atrium
17:15 - 19:00. The Muppets (PG). Category: O O
Funnel Vision. Location: Funnel Vision
17:15 - 17:30. Minnie . Category: Characters. O O
Location: Deck 4, Balcony
17:15 - 18:00. Live Music with Andrea & Rafaela O O
. Category: Fun for all ages. Location: Lobby

Atrium

17:30 - 19:22. Cinderella (2015) (PG). Cat- O O
egory: Buena Vista Theatre. Location: Buena

Vista Theatre

17:30 - 17:45. Donald . Category: Characters. O O

Location: Preludes
17:30 - 18:00. Rob Sanders LIVE . Category: O O
Fun for all ages. Location: La Piazza

17:45 - 18:00. Mickey. Category: Chara&ters. | O O
Location: Deck 4, Balcony

18:15 - 19:00. Disney’s Believe . Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Event of the Day

18:30 - 19:00. Team Trivia. Category: Adults. O O
Location: O’Gills Pub

19:00 - 19:30. Family Dance Party . Category: O O

Fun for all ages. Location: The Tube
19:15 - 19:30. Pluto . Category: Characters. Lo- O O
cation: Preludes
19:15 - 20:30. Professional Portraits . Category: O O
Fun for all ages. Location: Lobby Atrium
19:30 - 19:45. Mickey. Category: Characters. O O

Location: Deck 4, Balcony
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Event Going | Not going

19:30 - 20:00. Mirror Mirror. Category: Fun for | O
all ages. Location: D Lounge

19:30 - 20:00. Variety: Michael Dubois . Cate- | O O
gory: Fun for all ages. Location: The Tube

19:30 - 20:15. Live Music with FireLites . Cate- O O

gory: Adults. Location: La Piazza
19:45 - 20:00. Goofy . Category: Characters. O O
Location: Preludes
20:00 - 21:45. WALL-E (G). Category: Funnel O O
Vision. Location: Funnel Vision

20:00 - 20:15. Minnie . Category: Characters. O O
Location: Deck 4, Balcony

20:15 - 22:07. Cinderella (2015) (PG). Cat-| O O
egory: Buena Vista Theatre. Location: Buena

Vista Theatre

20:30 - 21:30. Disney’s Believe . Category: Fun O O
for all ages. Location: Walt Disney Theatre.

Event of the Day

20:45 - 21:15. Team Trivia . Category: Adults. O O
Location: O’Gills Pub

21:30 - 21:45. Goofy . Category: Characters. O O

Location: Preludes
21:30 - 21:45. Minnie . Category: Characters. O O
Location: Deck 4, Balcony
21:30-22:15. Live Music with Andrea & Rafaela O O
. Category: Fun for all ages. Location: Lobby

Atrium

21:30 - 22:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube

21:30 - 22:30. Professional Portraits . Category: O U

Fun for all ages. Location: Lobby Atrium
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Event Going | Not going

21:45 - 22:15. Mirror Mirror. Category: Fun for O O
all ages. Location: D Lounge

21:45 - 22:15. 1820 Society: Game Challenge . O O
Category: Adults. Location:

22:00 - 23:30. Frozen (PG). Category: Funnel | O O
Vision. Location: Funnel Vision

22:00 - 22:15. Donald . Category: Characters. | O O
Location: Preludes

22:00 - 22:15. Mickey . Category: Characters. O O
Location: Deck 4, Balcony

22:15 - 22:45. Club New Year’s Eve . Category: O O
Fun for all ages. Location: D Lounge

22:15 - 22:45. Majority Rules . Category: O O
Adults. Location: The Tube

22:30 - 00:40. Tomorrowland (PG). Category: 0O O
Buena Vista Theatre. Location: Buena Vista

Theatre

22:30 - 23:00. Andrea & Rafaela LIVE . Cate- O O

gory: Fun for all ages. Location: Lobby Atrium
22:45 - 23:30. Family Karaoke . Category: Fun O O
for all ages. Location: D Lounge
23:00 - 23:30. The Comedy & Magic of David O O
Williamson . Category: Adults. Location: Walt
Disney Theatre. Don’t Miss Event

23:30 - 00:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube
23:30-00:00. FireLites LIVE . Category: Adults. O O

Location: La Piazza
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Day 7 of 7

Ship: Disney Fantasy Weather:

Destination: Eastern Caribbean Today: Partly Cloudy
Itinerary: A Tomorrow: Partly Sunny
Date: 26.06.2015 Today High 82F 28C
Weekday: Friday Tomorrow High 84F 29C
Sunrise: 06:20 Special Holiday Edition: No
Sunset: 20:08 Holiday: No

Evening Attire: Cruise Casual
All Ashore: 11:30

All Abroad: 17:30

Port: Disney’s Castaway Cay

Event Going | Not going
07:00 - 07:30. Sunrise Stretch . Category: O O
Adults. Location: Donald’s Pool

07:30 - 08:00. Body’s Sculpt Boot Camp . Cat- | O O
egory: Adults. Location: Senses Fitness Center.

Nominal fee

08:00 - 09:30. Disney Castaway Cay sk . Cat- O O
egory: Fun for all ages. Location: The Tube.

Don’t Miss Event

08:30 - 10:00. Lilo & Stitch (PG). Category: O O
Funnel Vision. Location: Funnel Vision

08:30 - 09:00. Wake Up with Disney Junior. | O O
Category: Fun for all ages. Location: D Lounge

08:30 - 09:00. Friends of Bill W.. Category: | O O
Adults. Location: Outlook

08:30 - 09:00. Fab Abs .. Category: Adults. Loca- | O O

tion: Senses Fitness Center
08:45 - 09:00. Donald . Category: Characters. O O

Location: Deck 4, Balcony
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Event Going | Not going

09:00 - 09:15. Pluto . Category: Characters. Lo- O O
cation: Lobby Atrium, Starboard Side

09:00 - 09:15. Mickey. Category: Charatters. | O O
Location: Lobby Atrium, Port Side

09:00 - 09:30. Jake & The Neverland Pirates . O O
Category: Fun for all ages. Location: D Lounge

09:00 - 11:00. Books and Magazines available in O O
Cove Café . Category: Adults. Location: Cove

Café

09:00 - 22:00. The Muppets . Category: Funfor | O O
all ages. Location: Deck 2 & 5, Midship

09:15 - 09:30. Chip & Dale . Category: Charac- O O
ters. Location: Deck 4, Balcony

09:30 - 11:12. Tomorrowland (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

09:30 - 09:45. Minnie . Category: Characters. O O
Location: Lobby Atrium, Port Side

09:30 - 09:45. Goofy . Category: Characters. O O
Location: Lobby Atrium, Starboard Side

09:45 - 10:15. Disney Trivia. Category: Fun for O O

all ages. Location: D Lounge
10:00 - 11:45. Frozen (PG). Category: Funnel | O O
Vision. Location: Funnel Vision
10:00 - 11:42. Inside Out (PG). Category: Fun O O
for all ages. Location: Walt Disney Theatre

10:30 - 11:00. Character Dance Party . Cate- O O
gory: Characters. Location: Lobby Atrium
10:30- 11:00. Magic Workshop (6+) . Category: O O
Fun for all ages. Location: D Lounge. Don't
Miss Event
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Event Going | Not going

11:00 - 11:45. Live Music with FireLites . Cate- O O
gory: Adults. Location: Deck 12, Stage

11:45 - 12:00. Chip & Dale. Category: Charac- | O O
ters. Location: Post Office

12:00 - 12:15. Daisy. Category: Charaters. Lo- | O O

cation: Gangway
12:00 - 12:15. Mickey . Category: Characters. O O
Location: Rustmore
12:00 - 12:30. Yoga on the Beach . Category: O O
Adults. Location: Serenity Bay
12:15 - 13:30. Lady and the Tramp (G). Cate- O O
gory: Funnel Vision. Location: Funnel Vision

12:15 - 12:30. Donald . Category: Characters. O O
Location: Post Office

12:30 - 12:45. Minnie . Category: Characters. O O
Location: Scuttle’s Cove

12:30 - 12:45. Goofy . Category: Characters. O O
Location: Rustmore

12:30 - 13:00. Crab Races. Category: Fun for all O O
ages. Location: Island Gazebo 1

12:30 - 13:00. Basketball Free Throw . Category: O O
Fun for all ages. Location: In Da Shade Game

Pavilion

12:45 - 13:30. Live Guitar with Carrie Stone O O
. Category: Fun for all ages. Location: Island

Gazebo 1

13:00 - 13:45. Family Whale Dig . Category: O O

Fun for all ages. Location: Monstro Point
13:00 - 13:45. 1820 Society: Island Bike Ride . O O
Category: Adults. Location: Bike Rentals
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Event Going | Not going

13:15 - 13:30. Jack Sparrow . Category: Charac- O O
ters. Location: Marge's Barges
13:15 - 13:45. Crab Races. Category: Fun forall O O
ages. Location: Island Gazebo 2
13:45 - 15:27. Inside Out (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista
Theatre

13:45 - 14:30. Live Guitar with Carrie Stone O O
. Category: Fun for all ages. Location: Island
Gazebo 1

14:00 - 15:30. Brave (PG). Category: Funnel Vi- O O
sion. Location: Funnel Vision
15:30 - 16:15. Family Crafts . Category: Fun for O O
all ages. Location: La Piazza
16:00 - 17:45. Toy Story 3 (G). Category: Fun- | O O
nel Vision. Location: Funnel Vision
16:00 - 17:21. Monkey Kingdom (G). Cate- | O O
gory: Buena Vista Theatre. Location: Buena
Vista Theatre

16:00 - 17:00. Daisy . Category: Characters. Lo- | O O
cation: Gangway
16:15 - 17:00. Digestive Management Seminar . O O
Category: Adults. Location: Senses Spa & Salon
16:30 - 17:00. Sea Ya' Real Soon! . Category: O O
Charac&ters. Location: Lobby Atrium. Don't
Miss Event

16:30 - 17:30. Beer Tasting (21+). Category: O O
Adults. Location: O’Gills Pub. Nominal fee.
Reservation required

17:00 - 17:30. Footprint Analysis . Category: O O
Adults. Location: Senses Spa & Salon
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Event Going | Not going

17:15 - 18:00. Live Music with Rob Sanders . O O
Category: Fun for all ages. Location: La Piazza
17:15 - 17:45. Jewish Sabbath . Category: Fun O O
for all ages. Location: Outlook
17:15 - 18:00. Live Music with FireLites . Cate- O O
gory: Fun for all ages. Location: Lobby Atrium
17:30 - 17:45. Donald . Category: Characters. O O
Location: Deck 4, Balcony
17:30 - 17:45. 'The Disney Fantasy’s Whistle . O O
Category: Fun for all ages. Location: Deck 12.
Don’t Miss Event

17:45 - 19:27. Inside Out (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista
Theatre

18:00 - 19:00. The Emperor’s New Groove (G). O O
Category: Funnel Vision. Location: Funnel Vi-
sion

18:15 - 19:00. Disney Cruise Line: An Unfor- O O
gettable Journey . Category: Fun for all ages. Lo-
cation: Walt Disney Theatre. Event of the Day
19:00 - 20:15. Family Dance Party . Category: O O
Fun for all ages. Location: The Tube
19:15 - 19:30. Goofy . Category: Characters. O O
Location: Preludes
19:30 - 19:45. Minnie . Category: Characters. O O
Location: Deck 4, Balcony
19:30 - 20:15. Family Talent Show . Category: O O
Fun for all ages. Location: D Lounge
19:30-20:15. Live Music with Andrea & Rafaela O O
. Category: Adults. Location: La Piazza
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Event Going | Not going

19:45 - 20:00. Pluto . Category: Characters. Lo- O O
cation: Preludes
20:00 - 21:15. Movie Prem Ear: Teen Beach O O
Movie 2 (TV-G). Category: Funnel Vision. Lo-

cation: Funnel Vision

20:00 - 20:15. Mickey . Category: Characters. | O O
Location: Deck 4, Balcony

20:15 - 21:57. Inside Out (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

20:30 - 21:30. Disney Cruise Line: An Unfor- O O

gettable Journey . Category: Fun for all ages. Lo-
cation: Walt Disney Theatre. Event of the Day

20:30 - 21:15. Live Music with Rob Sanders . O O
Category: Adults. Location: La Piazza

21:30 - 22:15. Live Music with FireLites . Cate- | O
gory: Fun for all ages. Location: Lobby Atrium

21:30 - 22:15. DJ Requests . Category: Adults. | O O
Location: The Tube

21:45 - 22:30. Family Dance Party . Category: | O
Fun for all ages. Location: D Lounge

22:00 - 00:00. Fantasia (G). Category: Funnel O O
Vision. Location: Funnel Vision

22:00 - 22:30. 1820 Society: Farewell . Cate- | O O
gory: Adults. Location: The Tube

22:15 - 22:45. Sea Ya’ Real Soon! . Category: O O
Charac&ters. Location: Lobby Atrium. Don’t

Miss Event

22:15 - 22:45. Ice Breakers. Category: Adults. O O

Location: The Tube
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Event Going | Not going
22:30 - 23:45. Family Superstar Karaoke . Cate- O O
gory: Fun for all ages. Location: D Lounge

22:45 - 00:27. Inside Out (PG). Category: O O
Buena Vista Theatre. Location: Buena Vista

Theatre

22:45 - 23:15. Rob Sanders LIVE . Category: O O
Fun for all ages. Location: Lobby Atrium

22:45 - 23:15. The Comedy & Jugging of O O
Michael Dubois . Category: Adults. Location:

The Tube

23:15 - 00:15. Club DJ Mike Sincere . Category: O O
Adults. Location: The Tube

PART IV. AFTERWARDS

This part contains some conclusion questions.

Could you, please, select the categories of activities that repre-
sented the most interest for you

Please, select the categories of activities that you tried not to miss

Animation Classes
Bingo

Board Games

Cooking Workshops

U

U

U

O Clubbing
U

O Crafts

U

Dance Party
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Game Show
Guided Tour
Karaoke

Live Music
Meeting Characters
Movies
Seminars
Sport

Tasting Classes
Theatre

Trivia

Variety Show

o o o o o o o o o o o o o

Other:

When you were having a choice among different activities of your
interest, did you consider the distance to the venue while mak-
ing your choice?

If you prefer a nearby activity rather than an a&ivity on the opposite
part of the ship, please select yes. It the distance doesn’t matter for you,
please select no.

O Yes
O No

How do you usually manage the list of activities to perform dur-
ing your vacations?
Please, select the answer that best describes you.
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O Daily planning of all activities
O Making a list of not-to-miss activities
O No planning

Please, mention your favourite onboard activities or activities
you remember to visit

|

Additional information
Please, feel free to provide any other information/comments

|
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Appendix. Questionnaire for DESIR db

DEscrIPTION: This research study aims to explore how individuals
feel about their life, and how their behavioural orientations influence
their selection and experience of leisure and vacation activities. We in-
vestigate how the pursuits of Pleasure, Meaning, and Engagement, and
Personality traits correlate with the portfolio of activities that individu-
als are engaged in most.

B.1  Ustor Data

This section contains a statement about the use of data and the user’s
consent of it.

‘By clicking this check box, I certify that I voluntarily consent to take part
in this research study and that I accept that the data I provide will be used
in academic purpose.”

B.2 PART . DEMOGRAPHIC PROFILE

Q1. What is your gender?
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O Female

O Male

Q2. What is your age?

(O Under 18

O 18-24

O 25-34

O 35-44

O 45-54

O 55-64

O 65-74

O 75-84

Q3. What is the highest level of your qualification/education?
O No Qualification

O General Certificate of Education (A Level or equivalent)
O Bachelor Degree

O Masters Degree

O Doctorate Degree

O Don’'t Know

Q4. What is your marital status?
O Married or civil partnership

O Widowed

O Divorced
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O Separated

O Never married

Qs. Are you currently...?

O Employed full time

O Employed part time

O Unemployed looking for work
O Unemployed not looking for work
O Retired

O Student

O Disabled

O Self-employed

O Homemaker

B.3 PartII. PsYCHOLOGICAL PROFILE: WELL-BEING

Q6. Please indicate the box that best describes your experience
of each over the last 2 weeks.

|12 g9
2 | el TS
S| 7|3
I've been feeling optimistic about the future | O | O |[O | O | O
I've been feeling useful OO0 0|00
I've been feeling relaxed OO |00 |0
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4 - Often

1 - None of the time
2 - Rarely
5 - All of the time

I've been feeling interested in other people
I've had energy to spare

I've been dealing with problems well

I've been thinking clearly

I've been feeling good about myself

I've been feeling close to other people

I've been feeling confident

OO OO OO O O |3-Someofthe time

OO0OO0O000O0O0
O0O0O0O00O0O0O0
OO0OO0O000O0O0
OO0OO0O000O0O0

I've been able to make up my own mind about
things

I've been feeling loved

I've been interested in new things

O OO0
O OO
O OO
O OO
O OO

I've been feeling cheerful

Q7. Please read each item and indicate to what extent you feel
this way at the present moment or over the past week

<
(e
S -
Z o T|E | &
S| E| 8| | E
S| S| 8 | el
§<“8§,*E
&L= |
AN
8
Interested OO O 10
Distressed OO0 0|0

309

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI115/these.pdf
© [D. Nurbakoval, [2018], INSA Lyon, tous droits réservés



2 - A Little
3 - Moderately
4 - Quite a Bit
s - Extremely

Excited
Upset
Strong
Guilty
Scared
Hostile
Enthusiastic
Proud
Irritable
Alert
Ashamed
Ingpired
Nervous
Determined
Attentive
Jittery
Active
Afraid

OO0 O0OO0OO0OO0OO0O0OOO0O0O0OOO0OO0 O O I|1-VerySlightly or Not at All

OO0OO0OO0OO0OO0OO0OOOOOOOOOO0OO
OO0OO0OO0OO0OO0OO0OOOOOOOOOO0OOo
OO0OO0OO0OO0OO0OO0OOOO0OOOOOO0O0OO0

OO0O0OO0OO0OO0OO0OO0OOOOOOO0OO0O

Q8. Below are five statements that you may agree or disagree
with. Using a 7-point scale below, please indicate your agree-
ment with each item.
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NN AR
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*
In most ways my life is closetomy | O | O |O | O |O | O | O
ideal
The conditions of my life areexcel- | O O |O |O | O | O | O
lent
I am satisfied with my life O]O|lO|]O |00 |0
So far I have gotten the important | O | O | O | O | O | O | O
things I want in life
If I could live my life over, Iwould | O |O | O [O |O | O | O
change almost nothing

B.4 PARrTIIL PSYCHOLOGICAL PROFILE: ORIENTATIONS TO HAPPI-
NESS

Qg. Please indicate on a 5-point scale the degree to which the
item applies to you.

1. My life serves a higher purpose

O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like
me

2. In choosing what to do, I always take into account whether it will
benefit other people
O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like

me
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3. L have a responsibility to make the world a better place
O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like

me

4. My life has a lagting meaning
O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like

me

5. What I do matters to society
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

6. I have spent a lot of time thinking about what life means and how I
fit into its big picture

O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like
me

7. Life is too short to postpone the pleasures it can provide
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like
me

8. I go out of my way to feel euphoric
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like
me

9. In choosing what to do, I always take into account whether it will be
pleasurable
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

10. I agree with this statement: "Life is short - eat dessert first”
O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like

me
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11. Ilove to do things that excite my senses
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

12. For me, the good life is the pleasurable life
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

13. Regardless of what I am doing, time passes very quickly
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

14. I seek out situations that challenge my skills and abilities
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like
me

15. Whether at work or play, I am usually "in a zone” and not conscious
of myself
O 1=verymuchunlikeme O 2 O 3 O 4 O s5=verymuch like

me

16. I am always very absorbed in what I do
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

17. In choosing what to do, I always take into account whether I can
lose myselfin it
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like

me

18. I am rarely distracted by what is going on around me
O 1=verymuchunlikeme O 2 O 3 O 4 O 5=verymuch like
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B.s PART IV. PSYCHOLOGICAL PROFILE: PERSONALITY

Qu1o. Please indicate on a 5-point scale the degree to which each

item applies to you.

2
=
21§

o | B || @

2 =] = | 5 ]

1828|338

Bl 2| el<2|B

RS-

S35 | 2|8 |<

AEIEIEER

22 212

~ [ 2=

& 25 ¥

Am the life of the party O|lO0 100 |O
Talk to a lot of different people at parties OO0 0|0
Don't talk a lot OlO0O|O0|]0 |0
Keep in the background OO0 100 |0
Sympathize with other’s feelings O|lO0 10|00
Feel others’ emotions OO0 ]|]0 |0
Am not really interested in others OO0 10|10 |0
Am not interested in other people’s problems | O | O | O | O | O
Get chores done right away O|lO0 100 |0
Like order OO0 100 |0
Often forget to put things back in their proper | O | O | O | O | O
place
Make a mess of things OO0 |]0 |0
Have frequent mood swings OO0 100 |0
Get upset easily OO0 100 |O
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1 - Very Inaccurate
2 - Moderately Inaccurate

4 -Moderately Accurate

s - Very Accurate

Am relaxed most of the time

Seldom feel blue

Have a vivid imagination

Have difficulty understanding abstract ideas
Am not interested in abstract ideas

Do not have a good imagination

O O O O O O [3-Neither Inaccurate nor Accurate

OO0O00O0

O 0O00O00O0O0
OO0OO0O0O0

O O0O0O0O0O0
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91¢

B.6 PART V. LEISURE ACTIVITIES PREFERENCES

Qu11. Please select the categories of activities you usually perform or are interested in performing. Please
rate each selected activity to which degree it (1) involves social contact; (2) requires effort; (3) is struc-
tured; (4) is pleasurable; (s) is engaging; (6) is meaningful.

"Social contat” range: 1 = I always do it alone ; 6 = I always do it with others.

"Effort” range: 1 = It requires no effort and/or skill when I do it ; 6 = It requires heaps of effort and/or skill when I
doit.

"Structure” range: 1 = It has no rules, time-limits, uniforms, etc. when I do it ; 6 = It has heaps of rules, time-limits,
uniforms, etc. when I do it.

"Pleasurable” means how much you are experiencing enjoyment or positive emotion. "Pleasure” range: 1 =notatall
; 5 = moderately ; 9 = extremely.

"Engaging” means how much you feel the acivity has you focused, challenged, or in zone. "Engagement” range: 1 =
notat all; s = moderately ; 9 = extremely.

"Meaningful” means how much you feel the activity is rewarding, helping you to advance your goals, or is worthwhile.
"Meaning” range: 1 = notat all; 5 = moderately ; 9 = extremely.

Category ‘ Like ‘ Contact ‘ Effort ‘ Structure ‘ Pleasure ‘ Engagement ‘ Meaning
Outdoors & Adventures O 1-6 O 1-6 O 1-6 O 1-9 1-9 J 1-9
Tech a 1-60 | 1-60 1-6 O 1-9 0 1-9 0 1-9 0
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Category Like | Contact | Effort | Structure | Pleasure | Engagement | Meaning
Family a 1-60 | 1-60 1-6 O 1-9 O 1-9 O 1-9 O
Health & Wellness d 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
Sports & Fitness d 1-60 | 1-60 1-6 0 1-9 O 1-9 O 1-9 0
Learning O 1-60 | 1-60 1-6 OJ 1-9 OJ 1-9 O 1-9 OJ
Photography O 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
Food & Drink d 1-60 | 1-60 1-6 O 1-90 1-90 1-90
Writing O 1-6 O 1-6 O 1-6 O 1-9 OJ 1-9 O 1-9 O
Language & Culture O 1-6 0 1-6 O 1-6 O 1-9 J 1-9 J 1-9
E Music O 1-60 | 1-60 1-6 O 1-9 O 1-90 O 1-9 O
Movements O 1-6 O 1-6 O 1-6 O 1-9 OJ 1-9 J 1-9 O
LGBTQ. O 1-60 | 1-60 1-6 (J 1-9 OJ 1-9 O 1-9 OJ
Film a 1-60 | 1-6 0 1-6 0 1-9 O 1-9 O 1-9 0
Sci-Fi & Games O 1-60 | 1-60 1-6 O 1-9 O 1-9 O 1-9 O
Beliefs O 1-60 | 1-60 1-6 O 1-9 0 1-9 0 1-9 O
Arts O 1-60 | 1-60 1-6 O 1-9 O 1-9 O 1-9 O
Book Clubs O 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
Dance O 1-6 O 1-6 O 1-6 O 1-9 O 1-9 J 1-9 O
Hobbies & Crafts a 1-60 | 1-60 1-6 0 1-90 1-90 1-90
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Category Like | Contact | Effort | Structure | Pleasure | Engagement | Meaning
Fashion & Beauty O 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
Social d 1-60 | 1-60 1-6 0 1-90 1-90 1-9 0
Career & Business | 1-6 O 1-6 O 1-6 O 1-9 [ 1-9 [ 1-9
Gardening & Outdoor housework | O 1-60 | 1-60 1-6 0 1-90 1-90 1-90
Cooking O 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
Theatre, Show, Performance & | O 1-60 | 1-60 1-6 O 1-9 0 1-90 1-9 O
Concerts
Drinking alcohol & Partying O 1-60 | 1-60 1-6 O 1-9 O 1-9 O 1-9 O
E Sex & Love Making d 1-60 | 1-60 1-6 O 1-90 1-90 1-9 0
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Q12. Number of leisure activities you do per day:
O o

O 1

O 2

O3

O 4+

Q13. Number of leisure activities you do per week:
O o

O 1

O 2-3

O 45

O s+

Q14. Number of leisure activities you do per weekend:
O o

O1

O 23

O 45

O s+

Qu1s. Average duration of activities, min:

O o

O s-20

O 20-40
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O 46-60
O 60+

Q6. Think about your usual weekend. Please indicate your pri-
ority (preference) concerning the choices provided. When re-
plying, please mind that you are choosing between activities that
are happening at the same time, and that they represent interest
for you. Long-term vs. Multiple short-term activities: One Full
Weekend Activity or Multiple activities. Example: A festival in
another city or Multiple events (regular or/and unique) in your
city

O Full Weekend Activity
O Multiple Activities

Q17. Think about your usual weekend. Please indicate your pri-
ority (preference) concerning the choices provided. When re-
plying, please mind that you are choosing between activities that
are happening at the same time, and that they represent interest
for you. Regular activity or New activity. Do you cancel your
regular activities in order to join smth new? Example: your reg-
ular gym class vs. a new beginner workshop of wine/chocolate
tasting or thai massage

O Regular
O New

B.7 PART VI. VACATION PREFERENCES

Q18. Please select the answer that best describes you:
Qu19. Please for each of the following types of holidays indicate
the frequency with which you have been endorsed with it:
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Yes No

Have you been on holiday of two nights and more in thelast6 O O
years?

Have you been on holiday of two nights and more in thelast2-3 O O
years?

Have you been on holiday of two nights and more in thelastyear> O O
When on holiday, do you intent to do as much as you can (max- O O
imising the number of things you do, places you visit) -YES or to

select very few activities to do-NO?

When on holiday, do you often try newkinds of activitiesyouhave 0O O
never done before - YES or you prefer to do something you are

sure that you will like - NO?

GJ
R
- ) ]
JEI=IER:
I
Z B3
Sk
Beach holiday O10|0|0]0
Sightseeing O|lO0|0]O0]0O
In a city OO0 |0|0
Nature based OO0 |0O|0O
Friends/family visits OlO]O]0O]0O
Package based ORNOANCHNORNO.
Festivals (2 and more days) 100|000
Cruise (2 and more days) O|O0|O0|O0]|0O
Other OO0 |0]|0O

Q2o0. Please, select the type of group you went on the last holiday
with:

O alone

O with your significant other

O with a group of friends

O with family (i.e. different genesations)

Q21. When on holiday, do you plan your days, making an itinerary?
O Daily planning of all activities

O Making a list of not-to-miss activities
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B.8 Part VII. PsycHOLOGICAL PROFILE: FEAR OF MISSING OUT

Q22. Below is a collection of statements about your everyday ex-
perience. Using the scale provided please indicate how true each
statement is of your general experience. Please answer accord-
ing to what really reflects your experiences rather than what you
think your experiences should be. Please treat each item sepa-
rately from every other item.

(]
) (]
£l g El L |E
B | - o g ks
o| © g | = Q
=] U = o B
=2l B - ) B
I E >3
—_— —l = >~
Sl e 2
I
52| S |> | &
Z. | w»n o ' >
\ 1 2 < 84
- a5 '
" v
I fear others have more rewarding experiences | O | O | O | O | O

than me.

O
O
O
O
O

I fear my friends have more rewarding experi-
ences than me.

I get worried when I find out what my friends | O | O | O | O | O
are up to.
Itisimportant thatTunderstand myfriends”in | O | O | O | O | O
jokes”
Sometimes, [ wonderifIspend too muchtime | O | O | O | O | O
keeping up with what is going on.
It bothers me when I miss an opportunityto | O | O | O | O | O
meet up with friends.
WhenThaveagoodtimeitisimportantforme | O | O | O | O | O
to share the details online (eg. updating sta-
tus).

When I miss out on a planned get-togetherit | O | O | O | O | O
bothers me.
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WhenIgo on vacation, I continuetokeeptabs | O | O | O | O | O
on what my friends are doing.
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Colophon

AR OVER THE MISTY STANDARD GOLD
To the deepest likes that are untold
We must perceive the tastes, beliefs
To seek the best results to hold.

The maths of yore made mighty spell,
While matrices seem come from hell
Too sparse, too big, too hard to twig.

Might we compute in parallel?

To find the clue what’s on your mind
We do research of any kind
Some item-based, some model-based

We mesh the light of all of them.

For content-based approach referred
We look at weight of each keyword
To set profile and then compile

To find the top k things preferred.

We find the candidate sele&tion priors

By means of novel qualifiers

Sometimes we fuse, sometimes refuse.

All to satisty the user’s undisclosed desires.
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Far over the misty standard gold

To the deepest likes that are untold

We must perceive the tastes, beliefs

To claim to almost have the truth unfold.

What shall I do to capture this alert?

Or maybe here'd better to use the invert?
You see the steam, even in dream.

The normal life for introvert.

The deadlines come unlike the snails,
And men they look up with faces pale;
We hurry up to not blow up

To overcome the runs that fail.

Far over the misty standard gold
To the deepest likes that are untold
We must perceive the tastes, beliefs
To get the best feedback and win!
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