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ABSTRACT 
The e-tourism is today an important field of the e-commerce. One 
specificity of this field is that consumers spend much time 
comparing many options on multiple websites before purchasing. 
It’s easy for consumers to forget the viewed offers or websites. 
The Behavioral Retargeting (BR) is a widely used technique for 
online advertising. It leverages consumers’ actions on advertisers’ 
websites and displays relevant ads on publishers’ websites. In this 
paper, we’re interested in the relevance of the displayed ads in the 
e-tourism field. We present MERLOT 1, a Semantic-based travel 
destination recommender system that can be deployed to improve 
the relevance of BR in the e-tourism field. We conducted a 
preliminary experiment with the real data of a French travel 
agency. The results of 33 participants showed very promising 
results with regards to the baseline according to all used metrics. 
By this paper, we wish to provide a novel viewpoint to address the 
BR relevance problem, different from the dominating machine 
learning approaches. 

Categories and Subject Descriptors 
H.4 [Information Systems Applications]: Miscellaneous 

General Terms 
Algorithms, Experimentation 

Keywords 
e-tourism; Behavioral Retargeting; travel destination; 
recommender systems; Semantic Web 

1. INTRODUCTION 
The e-tourism is today an important field of the e-commerce. 
According to Google 2013 Traveler [11], more than 80% people 
do travel planning online. One specificity of this field is that 
consumers (more than 60%) spend much time comparing many 
options on multiple websites before purchasing because finding 
value is important. In average, 45 days are spent and 38 visits to 
travel sites are conducted before booking [5].  

So when people leave a travel website, it doesn’t necessarily mean 
that they aren’t interested or don’t like the offers of the website. It 
might just mean that they want to compare with other options. In 
this stage of travel shopping, it’s easy for people to forget the 
offers or the name of the travel website. These people wouldn’t 
return and they are thus lost. Behavioral Retargeting (BR) is a 
widely used technique to address this problem. BR is a form of 
online targeted advertising. It leverages consumers’ actions on 
advertisers’ websites and displays relevant ads on publishers’ 
websites. 

We’re interested in the relevance of the displayed ads in the e-
tourism field. 68% of people begin planning travel online without 
having a clear travel destination in mind [11]. Our research 
hypotheses are that the travel destinations have a big impact on 
the relevance of the displayed ads and by improving the relevance 
of the travel destinations we can improve the relevance of 
displayed ads. 

The main contribution from this paper is a Semantic-based travel 
destination recommender system that can be deployed to improve 
the relevance of BR in the e-tourism field. 

The remainder of the paper is organized as follows. In Section 2, 
we present the background of our work; in Section 3, we present 
the MERLOT 1 system; in Section 4, we present the conducted 
experiments; in Section 5, we conclude the paper. 

2. Background 
BR systems often consist of two main components. The first 
component is a bidding system that decides whether to display, 
where to display and for how much. The second component is a 
recommender system that decides which ads to display.  

Much work has been done in the scope of the first component. In 
[6], the authors considered the problem of estimating user’s 
propensity to click on an ad or make a purchase. They predicted 
whether a user in a particular session is a clicker or just a browser. 

In [3], a semantic approach is combined with a syntactic one to 
improve the relevance of ads for the Contextual advertising. The 
authors proposed a novel way of matching advertisements to web 
pages that rely on a semantic topical match as a major component 
of the relevance score. The semantic match relies on the 
classification of pages and ads into a 6000 nodes commercial 
advertising taxonomy to determine their topical distance. As the 
classification relies on the full content of the page, it is more 
robust than individual page phrases. The evaluation demonstrated 
a significant effect of the semantic score component. The 
relevance considered in this paper is the relevance of an ad with 
regards to a web page. The relevance in our work is the perceived 
relevance of an ad itself. 

The second component is less discussed in BR-related papers and 
is more developed in papers related to recommender systems. The 
internal functions for recommender systems are characterized by 
the filtering algorithm. The most widely used classification 
divides the filtering algorithms into: (a) collaborative filtering, (b) 
demo-graphic filtering, (c) content-based filtering and (d) hybrid 
filtering [2]. Criteo 1  is a popular performance advertising 
technology company whose global reach is placed as second only 
to Google’s Display Network [8]. We didn’t find published papers 
that explain in detail their approach. By consulting their official 
website and several journalistic articles [1,4,10,12], we believe 

                                                                 
1 http://www.criteo.com/ 

Copyright is held by the International World Wide Web Conference 
Committee (IW3C2). IW3C2 reserves the right to provide a hyperlink to 
the author's site if the Material is used in electronic media. 
WWW’15 Companion, May 18–22, 2015, Florence, Italy. 
ACM 978-1-4503-3473-0/15/05. 
http://dx.doi.org/10.1145/2740908.2742001 

1287



th
a

[
c
in
n
a
r
d
s
s
s
a
is
th
c
c
im
d

T
o
k
a
p
r
a
g
w
r
p
v

F

3
In

3
T
a
g
e

- 
d
u
th
w
p
s
r

- 
r

hat they use mai
approach. 

7] evaluates w
consumers with 
nterest. The resu

narrowly constru
and detailed prod
espond positivel

days’ ads click-
search engine 
strategies and va
shows that Beha
advertising and u
s more effective
his paper, we w

consumers freq
comparing, a ric
mplicitly. Based

display ads havin

The semantic ap
of two informat
keywords) by ex
a semantic graph
publishing of Lin
esources of diffe

are interconnecte
given on the Fig
with the resourc
esource is also

properties (e.g. p
value for the sam

Figure 1. Examp

3. MERLO
n this section, w

3.1 Motivat
The realization o
and by the deve
great promises f
engines. MERLO

Provide plausi
destination choic
user’s destination
he purchase of r

which often caus
proper choice th
several, diverse 
elevant choice to

Leverage pub
elevant to trave

inly some machi

whether indeed
information tha
ults showed that
ucted preference
duct information
ly to ads display
-through log d
to compare 

alidate the effec
avioral Targeting
using short term
e than using lon

work in this dire
quently navigat
ch short-term p
d on the constru
ng relevant trave

pproach that we 
tional resources

xploiting the path
h. Semantic grap
nked Data are da
erent types, each
ed with links of
gure 1, we can 
ce France with 
o described with
population, latitu

me property may 

ple part of a sem

OT 1 system 
we present the de

tions and M
of MERLOT 1 
elopments in the
for the concepti
OT 1 should repl

ible alternative 
ce. This is espec
n choice, in the g
reasonably price
ses frustration w
hat fits their bud

enough recom
o the user. 

licly available, 
el, to augment th

ine learning coll

d firms benefit
at is highly spec
t consumers wh
s have a greater
n and therefore a
ying specific pro
ata coming fro
different Beha

ctiveness. The e
g can do a grea

m user behaviors 
ng term user beh
ction. In the e-t
ting, clicking, 

preferences prof
ucted profile, ou
el destinations. 

propose calcula
s (e.g., persons
hs between those
phs, such as tho
ata structures wh
h having a uniqu
f different types
see the resource
the link of type
h literal values
ude). Resources 
be considered im

 

mantic graph 

sign of the MER

Main assump
is motivated bo

e technological 
ion of next gen
ly to the followin

destinations to
ially useful if fo
given time interv
ed tickets and ho
ith users having 
dget. The system

mmendations in 

Linked Data k
he user behavio

laborative filterin

t from targetin
cific to their pri
ho have develope
r focus on specif
are more likely 

oducts. [13] uses
om a commerci
avioral Targetin
experiment resul
at help for onlin
to represent use

haviors for BR.
tourism case, wi

consulting an
file is constructe
ur system tries 

ates the relevan
s, books, movie
e two resources 
ose resulting fro
here information
ue identifier – UR
s. In the examp
e Paris connecte
e “country”. Th
 for some of i
sharing the sam

mplicitly linked.

RLOT 1 system.

ptions 
oth by user nee
context that off

neration relevan
ng user needs: 

 a user’s curre
or some reason th
val does not allo
otel arrangement
trouble to make

m should provid
order to offer 

knowledge base
or data, and glea

ng 

ng 
ior 
ed 
fic 
to 

s 7 
ial 
ng 
lts 
ne 
ers 
In 
ith 
nd 
ed 
to 

ce 
es, 
in 

om 
nal 
RI, 
ple 
ed 
his 
its 

me 
. 

ds 
fer 

nce 

ent 
he 

ow 
ts, 
e a 
de 

a 

es, 
an 

deeper 
more re

In the c
sources
the help
is now
conside
travel d
semant

One of
data gr
assume
graphs 
destina
prefere
recomm
system

order to

3.2 T
Sugg

 Figure

MERLO
as a tra
user's c
pages t
travel. 
semant
applied
The obj
of user
such a
classes 
that the
transfor
travel 
sources
the sys
when c
definiti
website
clients 
availab

           
2 http://

understanding o
elevant ads with 

context of the ex
s, under the init
p of various gov

w rich with free
erable number o
data, usable for 
tic proximity. 

f the objectives 
raphs to generat
e that the infor

can help us con
ation recomme
ences and to the 
mendations may
. It works in th

o improve its cap

The relevan
gestion Proc

e 2. MERLOT 

OT 1 replies to 
avel website). Th
context (a destin
that the user v
This input is fir

tic form. Two tr
d: extraction of 
bjective of date s
rs desired travel,
as "weekend", "

will help adap
e user is interes
rmation of place
website to sta

s. In addition to
tem stores the r
calculating the s
ion more divers
e as it contains 

of MERLOT 
ble semantic dat

                         

/linkeddata.org/

of user actions, 
h higher likelihoo

xponential grow
tiative called Lin
vernmental Ope
ely exploitable 
of those source
calculating trave

of MERLOT 1 
te useful destina
rmational richne
nstruct a flexibl
endation, easil
specifics of diff

y take place. ME
he background 

pacity to better s

nce calculati
cess 

1 system workf

a query submitt
he query may co
nation he is con
viewed and the 
rst treated by ME
ransformations, 
date semantics 

semantics modu
, as well as past 
"bank holiday",

pt the recommen
sted in. Place di
e names, as pro

andardized nam
o semantically p
received queries 
semantic proxim
se than the hist
queries collecte
1. Using histo
ta sources, the 

                         

thus being able
od of click and c

wth of public stru
nking Open Dat

en Data initiativ
semantic data 

es concern geog
el destination re

is to leverage t
ation recommend
ess of those sem
le and versatile 
ly adaptable 
ferent scenarios i
ERLOT 1 is not
of an e-tourism

serve the user. 

ion & Destin

flow 

ted by another s
ontain informatio
sidering to trave
history of use

ERLOT 1 to tra
detailed in furth
and place disa

ule is to transfor
travels, to sema

, "summer holi
ndations to the 
isambiguation c
vided by the us
es used in sem

processing the r
as “history” for

mities. Such a h
tory data of an
ed from various

orical data, as w
system then ca

   

e to provide 
conversion.  

uctured data 
ta2 and with 
es, the Web 
sources. A 

graphical or 
elevance and 

the semantic 
dations. We 
mantic data 
approach to 
to users’ 

in which the 
t a front-end 

m website in 

nation 

ystem (such 
on about the 
el to), travel 
r's previous 

ansform it to 
her text, are 

ambiguation. 
rm the dates 
antic classes 
iday". Such 
type of trip 

concerns the 
er or by the 
mantic data 
request data, 
r further use 
history is by 
ny particular 
s websites – 
well as the 

alculates the 

1288



s
th
1
tw
w
th
a
th
g

In
r

3
T
s
b
c
a

A
is
th
a
y
c
a

In
f
s
c
p
b

3
T
ta
s
d

D
(
fr
a
C
w
p
tr
in

E
Z
p
th
th

3
T
a

  
3 
4 
5 

similarity scores 
he user query. W

1 the geo-semant
wo destinations 

with regards to t
his measure in

alternative measu
he system ranks

geo-semantic pro

n the following 
ecommendation

3.3 Input 
The query that i
several trips: a 
buying a ticket 
consists of two p
as of two dates –

A query does no
s possible to im
he case of a user

a query only with
yet specify his d
choice is using 
anticipation of hi

n the context of
found in pages 
systems already t
correspondence 
products in order
browsing the pag

3.4 Place D
The place disam
axonomic entitie

set of concepts u
data graphs. 

Disambiguate is 
from the set of 

from the taxonom
a corresponding 
C. For instance, f
would return 
provided that D
ransformation al
n all calculation

Existing method
Zemanta3 , Open
perform this tran
he place disamb
hose services or 

3.5 Date Se
The phase of dat
any significant 

                         

http://developer

http://www.ope

http://dbpedia.o

of candidate de
We call the simi
tic proximity as 

with regards to
their distance in

n more details 
ures that can be 
s the alternative 
oximity scores. 

subsections we 
n process in more

is provided as a
desired trip, fo
and generally a

places – place of
– the date of ongo

ot always have a
magine a query w

r new to the sys
h the history of 
desired destinati

MERLOT 1 t
is search. 

f BR, the input 
previously vis

track and rely on
with a partic

r to determine p
ges from the hist

Disambiguat
mbiguation conce
es) referring to p

used to describe 

disambiguate

a function tha
f all keywords K
my of places T u
concept defined
for a given keyw
the concept 

DBPedia.org is 
llows to use a un
s and avoid amb

ds, such as co
nCalais4 , DBPe
nsformation, and
biguation task is
their small adap

emantics 
te semantics pro
date classes a

                         

r.zemanta.com/ 

encalais.com/ 

org/spotlight/use

estinations with t
larity measure u
it calculates both
o their geograph
n the semantic g
in further text
used in its place
destinations wit

describe the dif
e details. 

an input to the s
or which the us
a list of previou
f origin and a de
oing trip and of r

all those element
without the histo
tem. It is also po
past trips in cas

ion, and the trav
to generate rec

consists of a li
sited by the us
n such a list of p

cular e-commer
roducts that the 

tory. 

tion 
erns a mapping
places in the use
those same plac

e : K ∪ T →C (

t provides, for 
K) or a given ta
used by a particu
d in a semantic 
word “Paris, Fran

http://dbpedia.
a chosen sema

nified set of dest
biguity and ident

oncept extracto
edia Spotlight5 )
d for this reason
s feasible (either
ptations). 

cessing consists
appear within t

             

ersmanual 

the destinations 
used by MERLO
h the proximity 
hical distance an
graph. We prese
, as well as th
e. In the final ste
th regards to the

fferent parts of th

system consists 
ser is considerin
us trips. Each tr
estination, as we
return trip. 

ts. For instance,
ory of past trips 
ossible to imagin
se the user did n
vel website of h
ommendations 

st of travel offe
ser. Existing B
pages that is put 
rce catalogue 
user consulted b

g of keywords (
er query to a fini
es in the semant

1) 

a given keywo
axonomical enti

ular travel websit
graph of concep
nce”, this functio
org/resource/Par
antic graph. Th
tination identifie
tity problems. 

rs for text (e.
, can be used 
n, we assume th
r by using one 

s of determining 
the travel perio

in 
OT 
of 
nd 
ent 
he 
ep 
eir 

he 

of 
ng 
rip 
ell 

 it 
in 
ne 

not 
his 
in 

ers 
BR 

in 
of 
by 

(or 
ite 
tic 

ord 
ity 
te, 
pts 
on 
ris 
his 
ers 

.g. 
to 

hat 
of 

if 
od 

cornere
week-e
which i
holiday
types o
of date
the rec
followi
future:

If sever
only on
domina
over ba
less fre
travelin

Thanks
determi
DBPed
contain
Additio
may e
determi
prove v

In the c
particul
perform

3.6 D
Follow
Process
(desired

A trip T

Po - a U

Pd – a
graph 

Do – th

Dd – th

DC – th

The da
which 
travel q

The m
calcula
and ran
the use
project
conside

The sim
place d
set PD 
his que
of user
searchi
the sim

ed by a trip. Fo
end it is indicati
is often different
ys. Users often 
of trips and the m
s is to better un

commendations 
ing list of date c
weekend, bank 

ral classes may 
ne – the domina
ant over weeken
ank holiday. Th
equent date cla
ng on the given d

s to the availa
ine the date cla

dia.org it is poss
ns a weekend, 
onally, longer h
easily be labele
ination is thus 
very useful later 

case the travel o
lar dates, then

med. This step is

Destination 
wing the Place

sing phases, the
d and past) in th

T =

T consists of: 

URI identifying 

a URI identifyin

he date of outwa

he date of return 

he dominant dat

ata consist of two
consists of past

query, consisting

main task of the
ate the similarity
nk them with reg
er either as alte
, or as inspiring
er undertaking a 

milarity functio
destination, Pc, t

may contain on
ery, or may conta
r trips. All of 
ing for the most 
milarity scores c

or instance if a t
ive that it is a w
t than the trips ta
choose differen

motivation behin
nderstand the like

to it. For the 
classes, that we 
holiday and sum

be attributed to 
ant one. We co
nd, and that su

he intuition behin
ass is more lik
dates than the m

able open data 
ass automaticall
sible to decide i
a bank holiday
olidays on place
ed as summer 
a feasible and r
on. 

offers that the u
n the data sem
s thus optional. 

Similarity C
e Disambiguati
e data is transfo

he following form

= <Po,Pd,Do,Dd

a place of origin

ng a destination 

ard trip (optional

trip (optional) 

e class (optional

o main elements
 trips in the sem

g of one trip in th

e Destination S
y scores of availa
gards to the likel
ernative destina
g destinations t
new trip. 

on calculates the
to a set of given
ne destination P
ain several desti
them may be 
appropriate alte

can be precalcul

trip is short and
weekend trip, th
aken in summer 
nt destinations f
nd the discovery
ely user intentio
moment we ar
may extend or r

mmer holiday. 

one time interv
onsider that bank
ummer holiday i
nd this approach
kely to be the 

more frequent one

sources it is 
ly. By looking u
if a particular ti

y in the country
es with a beach
holidays. The 

rather simple ta

user consulted c
mantics analysis 

Calculation
ion and Date 
ormed in the fo
m: 

d,DC> (2) 

n in a given sema

n place in a give

) 

l) 

s: the semantic u
mantic form and
he semantic form

Similarity Calcu
able destination 
lihood that they 
ations to his cu
that might motiv

 
e similarity of 

n place destinatio
Pd that the user 
inations found in

taken into acc
ernative destinat
lated to a certa

d contains a 
he nature of 
for summer 

for different 
y of the class 
on and adapt 
re using the 
refine in the 

val we chose 
k holiday is 
is dominant 
h is that the 

reason for 
e. 

possible to 
up dates on 
ime interval 
y of origin. 
h in summer 

date class 
ask that will 

contained no 
cannot be 

n 
Semantics 

orm of trips 

antic graph 

en semantic 

user profile, 
d the current 
m. 

ulation is to 
alternatives 
will interest 

urrent travel 
vate him to 

a candidate 
ons PD. The 
specified in 

n the history 
count when 
tion. Ideally, 
ain extent to 

1289



accelerate the operation of the destination recommendation 
engine.  

3.6.1 Hybrid Geo-semantic Proximity Calculation 
Hybrid Geo-semantic Proximity (HGSP) is the core destination 
measure used by MERLOT 1. This measure combines two 
proximity scores: the score of proximity in the semantic graph of 
concepts (semprox) and the score of proximity by geographical 
distance (dist). 

simHGSP (Pd,Pc) = semprox(Pd,Pc) • dist(Pd,Pc)  (4) 

The geographical distance (dist) assures that the suggested 
destination alternatives are not in disproportion to the distance 
that the user is willing to travel. Suggesting a traveler from Paris 
interested in going to Cannes to travel to Hawaii instead would be 
inappropriate, despite the level of semantic similarity between 
Cannes and Hawaii destinations. The role of dist function is thus 
primarily in filtering. It augments the score of semantic proximity 
for places on the similar distance to the initial distance that the 
user was willing to pass, tolerates places found on a much shorter 
distance and penalizes the places found on much greater distance. 
The motivation for such a function is the intuition that users might 
more likely prefer to travel within similar or shorter distance to 
those initially planned. 

 
As shown in equation 5, the dist function associates the value 2 to 
the places Pc found on a similar distance from the place of origin 
Pc as the place where users initially wanted to travel Pd. This 
geographical distance is expressed by the function geod. A 
thresholdδis used to define how great the difference in distance 
can be tolerated for a candidate place to be considered close 
enough. In our experiments we useδ=0.2, so the places found on 
a distance 20% shorter or greater than the initial distance 
(geod(Pd,Po)) that the user was prepared to pass, can be 
considered as close enough. For the places found in a distance 
much shorter than those specified by the threshold, the dist 
function asserts the value 1, and considers them as the second best 
choice. For the places found in a distance greater than the 
threshold, the dist function attributes an exponentially decreasing 
value in function of the actual distance. Such places will obtain 
values of dist lower then 1. 

The semprox fuction quantifies the strength of connections 
between the initial destination place Pd and the place candidate Pc 
in a semantic graph. The semantic graph G is composed of a set of 
informational resources, a subset of which (D) designate places – 
destinations that are linked with typed links, where T is the set of 
link types. We define a rather simple graph proximity function, 
that only takes into account the number and the length of paths 
that two resources in the graph. To improve the performance of 
the proximity function in the future it is possible to include more 
advanced weighting functions. Our function, formalized by the 
formula 6, calculates the graph proximity of places Pd and Pc in a 
semantic graph G. We used DBpedia as the semantic graph, but 
any other graph (or their combinations) may be used in the future. 
According to our formula the semprox proximity of two places is 
calculated by taking into account all the paths in the graph that 
exist between these two places. For each path a score is calculated 
based on the length of the path and the importance of the graph 
pattern that the path fits into. 

 
The importance function allows fine-tuning the approach and 
giving more priority to places connected over paths that are more 
indicative of their semantic similarity. It is this function that 
allows leveraging the semantic nature of links and taking into 
account the different types of links and paths. 

Different importance functions may be used. In the actual version 
of the system, we used a simple importance function defined by 
the equation 7. In the future, it would be possible to even further 
refine this function to focus only on particular link types that 
prove to be the most significant over time. 

 
Our importance function asserts the value 1 to a path p if p 
confirms to a pattern t from the predefined set of preferred 
patterns T. Out set T consists of the patterns represented 
graphically on the figure below. This particular selection is the 
result of observations of data structures in the DBpedia graph. The 
chosen graph patterns show best performance and link the most 
similar destinations to one another. 

 
Figure 3. Example of graph patterns 

Our patterns cover the paths established between a place Pd and 
Pc so that, both Pd and Pc are the targets of links of the same type 
(represent the values of the same property typeOfLink1) reaching 
from either the same concept (image on the left) or connected 
concepts (image on the right). In the former case, the concepts can 
be connected with the paths of variable types and it is the 
length(p) function that will allow us to factor in this length when 
calculating the score of proximity established over a particular 
path. An example of an eligible path could be established over a 
concept that represents an event, for instance Olympic Games, 
that is connected with the concepts representing Paris and London 
with the link type “heldIn”. While the fact that the same event 
took place in a particular city some time ago would rarely 
motivate someone to visit that city, when calculating place 
similarity this fact may be useful. Similar events are often 
organized in similar places, and we indeed observed in our data 
that this pattern is an interesting one to follow. 

In practice, we calculate the semprox measure by running 
SPARQL queries on DBpedia to retrieve the candidate places Pc 
that are findable in the graph proximity of the initial destination 
Pd, on paths that confirm to our path patterns. Once the place 
candidates have been collected and the paths lengths calculated it 
is easy to calculate the semprox value. 

The calculation of the geographical distance is also possible by 
relying on DBpedia data about the geographic coordinates of 
places Pd and Pc. In practice, in order to co-accelerate the 
calculation process, we perform a single SPARQL query 
containing both the conditions for semprox and dist functions. 
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