M obile Dynamic Social Travel Recommender System

Abstract

Travel Recommender Systems (TRSs) help tourists wisity and selecting the Points of
Interest (POIs) that best fit their preferences. dReoendations relay in the data available
about the POIs of a destination, the knowledge tlourists and their preferences, and
recommendation algorithms. This paper presentsardic social travel recommender system.
The recommendation process is divided in two inddpat processes: the generation of user
models and the calculation of the recommended Pibks.recommender generates user models
and finds the similarities between users taking imccount their explicit preferences,
demographic information, rated POIs and tags cdelayeusers. These models are dynamically
updated when new information is available. Thehylarid filtering algorithm combines these
models with a content-based and a collaborativterifilg algorithm to calculate a list of
recommended POIs. The recommender has been irgdgiat a mobile prototype and
preliminary results of its partial validation anegented.

Keywords: Travel Recommender System, user model, hybridmeoendation algorithm,
mobile.

1 Introduction

The overwhelming amount of information about a iesion and its Points of
Interest (POIs) that is available makes the selaaif the attractions or POIs to visit a
difficult problem for tourists. Travel Recommend&ystems (TRSs) assist tourists in
this process, applying recommendation algorithmestimate the POIls that best suit
the preferences and needs of tourists. A TRS regjlnioth detailed information about
the POls of the destination and tourists. The mofermation available, the more
accurate would be the generated recommendations.

This paper describes the CRUMBS Travel RecommeBgstem, which generates
dynamic user models taking into account both inipleEnd explicit data and
preferences of tourists, including their preferenabout existing POIls. These models
are applied into a hybrid recommendation algoritienrpropose interesting POls to
tourists. The recommender is dynamic and socialalse the generation and
categorization of new POls, tags and ratings aboytPOI influence the behaviour of
the recommender. Thus, both user models and recadatiens are updated while
tourists interact with the TRS.

This paper is organized as follows. First, Seclqesents a summary of the state of
the art. Section 3 introduces the dynamic sociebmemender system, describing the
user modelling and recommendation algorithms. 8ectl presents the prototype
integrating the recommender and the results ofptimtial validation of the system.
The final Section presents some conclusion anddutork.

2 Stateof theart

This Section presents the main research areasddlathis paper: user modelling and
Travel Recommender Systems. Interested readediramted to review references for
further information.



2.1 User modelling

The term “user model” can be used to describe & witiety of knowledge about
people (Rich, 1983). The information about a us®luding his/her preferences is
usually stored in a personal data structure knownpeofile. Three important
dimensions that characterize user models haveideatified by Rich (1979):

» One model of a single, canonical user which is seagly uncertain but can
represent users who have not usually interacted thvé system vs. a collection of
models of individual users.

» Models specified explicitly vs. models inferred thye system on the basis of the
behaviour of the user.

» Long-term user models which represent demographiaggeneral interests of the
user vs. short-term user models that are suitalla §pecific session or task.

The user model presented in this paper enhancesedops work based on
stereotypes (Torrest al., 2012) and considers the three dimensions. Fjrstly
proposes a dynamic canonical user model basedeomthrmation available about
tourists (demographic information, explicit prefeces, tags and ratings). Secondly,
models are based both on explicit data about wwtsnformation inferred from the
tags and ratings they generate interacting withstregem. Thirdly, user models are
updated to build long-term user models taking extoount the interaction of the user
with the system.

Researchers have categorized examples of user lingdslystems for tourism.
Kabassi (2010) proposes a categorization of toutiser modelling systems based on
the method of information acquisition: explicit, pfitit or both of them. Morenet

al. (2012) categorize existing user modelling systefims tourism personalized
recommender systems in three categories: demograpfarmation, context-aware
information and personal preferences.

2.2 Travel Recommender Systems

Travel Recommender Systems (TRSs) have been apfdieg@commend several
tourism elements: from destinations to hotels,hfligor POIls to visits when at the
destination (Ricci & Werthner, 2002; Fesenmaier att 2003). TRSs can be
categorized in three main groups according to therithm they apply: content-based
filtering, collaborative filtering or hybrid approa (Kabassi, 2010). Traditional
content-based filtering suggests items or seniicesuser, which are similar to those
he/she bought or searched in the past by matchmgharacteristics of the item or
service with the characteristics of the user tmatraaintained in his/her user model.
In collaborative filtering approaches, recommeratatiare made by matching a user
to other users that have similar interests andepeetes. In this way, each user is
suggested with items or services that other usams|ar to the one interacting with
the system, have bought before. Finally, hybridrapphes combine content-based
and collaborative filtering methods in order to lexptheir advantages and reduce
their deficiencies (Adomavicius &Tuzhilin, 2005;dRi et al., 2011).



Mobile TRSs increase the potential and researchleciyes of traditional TRSs
(Ricci, 2011). Recent examples propose the usagsf (Mikic-Fonteet al., 2013) and
user ratings to improve the quality of the recomdagion (Yang and Hwang, 2013).
Gavalaset al. (2013) presents a detailed survey of mobile TR8sposing a
classification based on the architecture stylereke@f user-involvement, and criteria
deriving recommendations. Following such classifiza the CRUMBS mobile TRS
presented in this paper can be classified as a Wdsbe, pull-based, user constraints-
based TRS.

3 Mobile Dynamic Social Recommender
3.1 General architecture

The CRUMBS TRS is based on a client-server arctitec The mobile client calls to
the recommendation service and presents a listafmmended POls on the mobile
application. The server stores all the informatmal executes the user modelling and
recommendation algorithms (Fig. 1). The recommeaadagervice is published as a
REST service returning a list of recommended POls.
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Fig. 1. General architecture of the CRUMBS Dynamic SoRetommender

Regarding the Input Data required by the Recommemdeh POI can be related to
different categories with different weights rangiogtween 0 (not related at all) and
100 (fully related). Basic demographic informati¢age, gender...) and explicit

preferences of tourists are also taken into accdtnylicit preferences refer to those

preferences consciously expressed by the tourissitale ranging from 0 to 100, with

zero representing displeasure and 100 represetfitnbest score. Moreover, tourists
add tags to POls describing their opinion abouttl@d rate values between 1 (most
negative value) and 5 (most positive value) to POls

The recommender flow is divided in two phases. fiils¢ one is the user modelling to
generate individual user models or profiles to jutethe preferences and behaviour of



tourists. Two types of inferred preferences areuwated with the same range as
explicit ones (from 0 to 100): one from the tagesated by tourists and the other
combining the demographic information with the éoiplpreferences. Then, the
inferred and the explicit preferences are combiteegredict the preferences of each
tourist. Ratings are also applied to find similagtbetween tourists on the assumption
that people giving a similar rating to the same $€blare similar tastes.

On the other hand, the recommender applies a hyfiteting algorithm to
recommend POIs to tourists. This algorithm combirgescontent-based and a
collaborative filtering algorithm. The former takego account both the preferences
of the tourists and the categories related to thesPThe latter is based on the ratings
and the similarities between tourists.

3.2 User modelling
3.21 Dynamic calculation of user preferences

User preferences about a certain category of P@scalculated combining those

explicitly expressed by the user and the ones refeby the system. Given one

specific preference about a category, the following equation adjusts its weights

from different sources for each user.

_ [ 07*p.+ 03* piy if the user has explicit preference 1
0.4=p;p + 06*p;, otherwise

wherep, is the value of the preference given explicitlythg userp; .. refers to the
weight of the specific preference inferred from thgging information; ang; ; refers

to the weight of the specific preference inferreoinf the demographic data of the
user.

Regarding the calculation of the user preferenadferred from the tagging
information, each time a tourist creates a tag ahdROl, it is assumed that the tourist
is interested on that POI and the categories blatét. Thus, the inferred preference
pi, Of a tourist in a category can be calculated as the average weights of all th
tagged POls in that category:

Zp Wpce
[Tl

Pir = *100 2)
whereTu is the vector of all the tags created by a wsd?is the vector of the POls
related to the tags created by the ugaandw,, is the weight of the relation between

a POlp from P and a categorg.

Furthermore, the calculation of the preferencethefuser inferred from demographic
information is based on a model-based approachk® into account demographics
about tourists in order to extract some patternselp assigning preferences to new
tourists. The data considered are the age, theegetie relationship status, the city of
residence and the nationality of the tourist.



In order to ease the acquisition of their demogi@piformation, tourists can import
their profile information from different social wetrks (Facebook, Google+ and
Twitter) once they have given the required perroisgin a social network.

When a new user has no explicit preferences, hisodeaphic information allows
extracting some patterns that could help assigpireferences. First, model-based
algorithms are applied to generate user models.efoh category the demographic
data of tourists with a explicit preference abdw tategory are selected as learning
instances for the model. For each category, thredeta are generated using a
different algorithm (linear regression multi-vardi@b model tree and rules).
Preliminary tests have shown that the selectioth®fbest algorithm strongly depends
on the characteristics of the learning instancémsT the model obtained with each
algorithm is cross-validated and only the modehwtite better Mean Absolute Error
(MAE) is stored. Then, for each category the stareatlel is applied to predict the
preference about the category for the user witbxpdicit preferences.

3.2.2 Similarities between tourists

The similarities between tourists are calculatadnfrthe POls they rate applying a
collaborative filtering algorithm (Algo. 1). For ea tourist, similarity with other
tourists who have co-rated at least one POl is etetpusing Pearson’s correlation.
Pearson’s correlation corresponds to the cosinasefs’ deviation from the mean
rating. Thus, it addresses variances in user ratitgjes. For example, with a rating
scale between 1 and 5, some tourists may givaragrat 5 to a liked POI and a rating
of 3 to a disliked one, whereas another tourishwlie same preferences will rate 4 a
liked POI and 1 a disliked one.

As the similarity between two tourists is commuw@atand the similarity between one
user and himself/herself does not provide intemgsinformation, more than half of
the values of the matrix are dismissed. Thus, ¢selt of the collaborative algorithm
is a triangular non invertible matrix with the slanity values among touristSyn.
Moreover, and to get a better space efficiency,ufate process of the matrix only
considers thd most similar users for each active user as neigtshd hese selected
neighbours are stored on the database and usednldbe computation of prediction
for each active user within the recommendation @has

In order to establish the size of the neighbourhqm@liminary tests have been
conducted to measure the relation between MAE hadizek of the neighbourhood

to make a compromise betwekrand the calculation time. Tests have shown that
increasing the size of the neighbourhood only leadsight improvements on MAE.
The optimal value ok will depend on the rating data and the time atbéglafor
calculation, but a neighbourhood size of 100 retdrrgood quality results with
different data sets.



Algo. 1. Calculation of user similarities
Data: (/: vector of N users (tourists) with at least one rating:
P: vector of M POIs:
Ryren: matrix of ratings of the M POIs given by the N users;
Rating given by a user u; about a POI p rated by user w;;

rh
urp: Ratings given by a user u; about a POI p also rated by user u;;
orp: Ratings given by a user u; about a POI p also rated by user u;:
Result: Sy.n: matrix of the similarity values hetween users;
foreach u; € U do
foreach POI p rated by u; do
foreach u; # u; do
if R,; # 0 then
L r;,_j = s

foreach ujwherej > i do
foreach POI p rated by u; do

if 17,; # 0 then

urp = Rp;:
orp = Rpj;
coryy = Pearson(ur,or):

if cory; > 0 then
L '[lpd'(\te( 'Sfj 3 t?{)['.ij ):

3.3 CRUMBS Travel Recommender System
3.3.1 Collaborativefiltering

On the basis of the available ratings and userlaiitiés, the Resnick’s algorithm
(Resnick et al, 1994) is used to compute the ptiedidor a target iteni (POI) and a
target usen (tourist). Predictiorp,; is a numerical value expressing the predicted
likeliness of a item not rated by the active user This predicted value is within the
same scal€[(,5]) as the opinion values provided by

Yvev SiMay (Tyi—Ty) (3)
Yvevlsimayl

Pai =T +

whereV is the set ok similar neighbours that have rated; is the rating ofi for
neighbourv; 7; and, are the average ratings over all rated itemsaf@andv;
respectively; andim,, is the Pearson correlation betweeandv.

3.3.2 Content-based filtering

The features associated to each POI are defingdebguthor of the POI when this is
created. Then, the correlation between the categaf the POI and the preferences
of the tourist are computed using the vector sintylgSalton and McGill, 1983). In



the context of the CRUMBS TRS, tourists and POl tthe role of documents,
preferences over categories of POls take the rfoleoods, and weights take the role
of word frequencies. The correlation between a asard itemi is calculated by the

cosine of the angle between the two vectors reptiegethem:

LjWaj Wij 4)

cos(a,i) =
\/Zkela W¢21k \/Zkeli Wizk

where the summations ovgare over the categories for which both usand itemi
have a defined weight, representeduy andw;; accordingly., and/; represent the
group of categories set for usarand itemi respectively. The cosine similarity
computes ranges from 0 to 1, since the weighttosetich category are on the [0,100]
scale. As all the ratings in the system are withan1-5 scale, the predicted likeliness
pai Of itemi for the active usex will be calculated using a linear distribution:

Pai =4cos(ai) +1 (5)

After repeating the calculation for an active ugeer all the existing items, a ranked
list of POls is produced and returned as a recordatémn.

3.3.3 Hybrid Strategy

The CRUMBS TRS is based on a hybrid strategy tbathines the content-based and
the collaborative filtering algorithms through adar combination to achieve a more
accurate filter than each method alone. Thus, digtien is based on a weighted
average of the separately computed predictiortbelprediction for a tourist over a
POl i obtained from the content-based filteringi$,;, and that obtained from the
collaborative filtering isoc,;, the resulting prediction is:

Pai = % * pcbg; + (1 —x) * pcy; (6)
Both techniques have high significance for the gatien of recommendations, so
they have the same weight=(Q.5).
3.4 Implementation

The CRUMBS Dynamic Social Recommender has beenemmphted in Java using
the Open Source Weka librarywfw.cs.waikato.ac.nz/ml/wek§Aug. 28, 2013)).
Weka is a collection of machine learning algorithfos data mining tasks that
contains tools for data pre-processing, classificat regression, clustering,
association rules, and visualization.

The recommendation service is available throughE®&Rservice that returns a list
with the recommended POls for a user. The recomarehds three configuration
parameters. Firstly, the maximum size of the Ifstesommendations has been set to
10 to avoid presenting too many options on the taddplication. Secondly, the size
k of the neighbourhood has been set to 100. Thittky,recommendation algorithm
can be switched from the hybrid one to just thet@anbased or collaborative one.

Preliminary tests with synthetic data showed tha talculation time grown
exponentially with the amount of tourists, POlstesa and tags. Thus, some



optimization techniques were required in order ldamm recommendations in real-
time (less than five seconds).

First, as the dynamic characteristic of the usedetimg algorithm does not require
strict real-time execution, the related processegetbeen scheduled to be executed
offline at night. Results of the calculated prefees and the similarities between
tourists are stored on the database. Then, thenreemdation algorithm retrieves this
information from the database, generating a liseabmmended POls in real-time.

In order to further reduce the response time, recendations are also generated
offline and stored on the database daily. Wherugagbasks for a recommendation, it
is retrieved immediately if it is available on tliatabase. For new users, it is
calculated in real-time with a response time of isn five seconds.

Finally, as the recommendation of POls is highliaterl to the current location of
tourists, POls are filtered according to the positdf the tourist obtained from the
mobile device during the recommendation phase. Tih@samount of information to
be processed by the algorithms is reduced, speegitige calculation process.

4 Validation
4.1 CRUMBS prototype

The mobile Dynamic Social Recommender has beegriated in the final prototype
of the international CRUMBS project (crumbs.tidj@sig. 25, 2013]. CRUMBS
proposes to re-organize information available irsaxial network based on the
interaction of the users with their physical enmiments while wandering around. An
entire geo-spatial social world has been creatableny the users to consume the
multimedia social content “stuck” in different péscas well as leave “crumbs” (POIs)
as traces of their own activities. This is enalbgdexploiting the functionalities of
advanced Location-Based Services and AugmentedtiRealgine, mixing enriched
social media content with the real world imageswagal by the camera of the mobile
phone.

The CRUMBS prototype has been developed as an Ahdipplication and the

recommendation functionality is integrated as a RE8rvice. The offline processes
have been included on the cron service of the CRSMBrver to be run daily at
night.

Tourists enter their demographic information (F2@) either when they register on
the system or using the configuration sections @gheg are logged in. They can also
import their demographic information from Facebodwitter or Google+ (Fig. 2b).
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Tourists have an option called “Interest” on theimaenu (Fig. 2c¢). This option
opens a screen presenting some sliders to adjistekplicit preferences (Fig. 3a).
When tourists ask for the recommendation, the appdin presents the POIs on a list
(Fig. 3b) with their name and the estimated distarittourists are interested on a
POI, they can access further information abougig.(3c).

4.2 Validation

The final validation of the CRUMBS TRS will be heldth real users on November
2013 in San Sebastian together with the validatibrthe CRUMBS prototype.

However, a preliminary validation has been perfaima order to verify the

recommendation service and its performance intedrah the CRUMBS prototype.
Moreover, partial validations are being held by rhems of the consortium of the
CRUMBS project before the final validation.



421 Preliminary validation

A preliminary validation has been performed withnthetic data to verify the
recommendation service. The user modelling, costiased filtering and hybrid
filtering algorithms have been tested with custogmtisetic data, successfully
validating their performance based on their comjmutaime. As the accuracy of their
predictions strongly depends on real data, thistfanality will be validated during
the final validation.

Regarding the collaborative filtering algorithmgetlaccuracy of its predictions has
been validated with an offline experiment usingaadet provided by GrouplLens
Research. GroupLens has collected and made awilalbing datasets from the
MovieLens web site with 100.000 ratings. The ddthas been divided into five parts
(subfolders), each one containing 80% of the oailgdata for the training phase and
20% of the original data for the test phase.

The evaluation of the prediction accuracy has limeed on the performance measure
called Mean Absolute Error (MAE). This metric congmithe average of the absolute
difference between the predictions and the truaegat The process has been repeated
for each of the subfolders for different neighbagth sizes. Results have confirmed
the accuracy of the predictions and have been usedet the size of the
neighbourhood to 100.

Finally, the recommendation service has been iatedr on the prototype and
published as a REST service that has been testhihwiuser case with three actions:
registering a user, sending his/her position an@ioing a recommendation. These
actions have been reproduced automatically witesting software generating close
to 100.000 queries in 30 minutes with a delay betwealls between 1 and 10
seconds. The response time for the worst case (B@0s), have been below 4
seconds, which can be considered acceptable arttosint of load.

4.2.2 Partial validation

Partial validations are being held by members ef ¢bnsortium of the CRUMBS
project following a quality approach based on fegtsups. Two different groups
have been identified: end-users (Focus Group leters) and expert workshops
(Individual In-Depth Interviews).

The validations are based on 18 user cases (imgugicommendation) covering the
demonstration of the main CRUMBS services andrigtthe interviewed use the
application to catch their feedback on usabiliguiss, as well as impressions on the
functionalities of the application itself. Theseakations are still uncompleted and no
conclusion can be obtained. However, first partedults show some interesting
points related to the recommender system detegteddample of users who are 34-
40 years old and are familiarized with technologgl aocial networks.

The recommendation of POIs has been perceived asobrthe most positive
functionalities of the prototype: users describasta very useful service for mobile
applications, especially when travelling or disaoivg new places.

Users were concerned mainly with the level of isivaness of the application and the
lack of control over the user modelling and recomdagion algorithms of the



application. Some users would not like their actidie monitorized and registered
permanently, they would prefer to be able to cdrthis process: activate/deactivate
the learning process whenever they want, and stiegfs that can be learned or not.
Moreover, some users would also like to control #utions influencing the user
modelling algorithm, avoiding a not wanted actiorading to not useful
recommendations (for example if they select somgthhey are not interested in).
Regarding the recommendation algorithm, some userdd like to have advanced
options to limit the maximum distance to the recanded POIs or to select the type
of algorithm generating the recommendation.

Finally, the requirement of connectivity to obtagécommendations was perceived as
a negative characteristic of the recommendatiorvicgr and mobile tourism
applications in general. Most users would like e tthe service when they are
abroad, but they disable the data connection abmhael to the high cost of
international roaming.

5 Conclusions

This paper presents a Mobile Dynamic Social Recong®e system. The
recommendation process relies on information aB@is and the categories they are
related to, demographic information and explicitefprences of tourists about
categories of the POIs, tags about POIs generagetburist, and POls rated by
tourists. This is the input data to the user maagland recommendation algorithms
proposed by the system.

During the user modelling phase, preferences ofidtsu on the categories are
predicted combining explicit preferences with twpds of inferred preferences. First,
the type of inferred preferences are calculate@dvas the tags created by tourists on
the assumption that tagging a POIs suggests ihtereshe category related to it.
Second type of inferred preferences are based moglaphic information. For each
category a user model is generated with the derpbgranformation of tourist with
explicit preferences about it. These models ardiego tourists with no explicit
preferences to infer their preferences on the oaiegy Moreover, inside the user
modelling phase the similarity between touristsalso calculated based on the
assumption that tourists with similar ratings t@ tsame POI have similar tastes.
Then, a hybrid recommendation algorithm combinescantent-based and a
collaborative algorithm to generate a list of recoended POls to a tourist.

The recommender has been integrated in the mobdeotype of the CRUMBS
project, which proposes to re-organize informatwailable in a social network based
on the users interaction with their physical enviments while wandering around.
Although the final validation of the prototype idapned for November 2013, a
preliminary validation has tested the performanteéhe recommender. Moreover,
first results of partial validations have detectmine key aspects for tourists when
using the system.

Future work starts with the final validation, asist required to measure the real
relevance of the recommender and the acceptantieeoystem. However, results
from the partial validations are already pointingt &ey lines for the future work.



Firstly, a solution giving tourists control of tiformation they share and the use of
the information on the recommendation process dgiired to increase the trust of

tourists in the recommender and the CRUMBS promtygecondly, integrating the

recommendation engine with the mobile applicatimorder to avoid the requirement
of connectivity is an added value, mainly for sg@smwhere there are an important
amount of foreign visitors.
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