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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/ 
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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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