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Abstract

Nowadays, traveling has become more convenient thanks to many recent technological advancements.
However, the main problem is that, with non-customized offers, the risk for the travelers is to waste
their time looking for the most appropriate one. Consequently, travelers need a system capable of
understanding their contextual preferences for ranking travel offers accordingly. In this work, we
propose The Hybrid Offer Ranker (THOR) as a possible solution: on the one hand, we employ various
classification algorithms to learn the individuals’ contextual preferences; on the other hand, to help new
users the system has no information on (cold users), we employ unsupervised algorithms to identify
clusters of users with similar preferences and build group preference models accordingly.
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1. Introduction
Recent technological advancements have made traveling more convenient and more personalized
(think, e.g., of sharing mobility, or demand-responsive schemes). However, non-customized
travel offers can cause travelers to waste a lot of time in finding the most suitable ones [1].
Recommendation Systems (RS) can help in this regard, as they aim to understand the user’s
“preference” towards an item [2] and guide them in the offer selection process. Travel preferences
may be expressed by the context in which the traveler interacts with the system [3, 4], where
context is any information that can be used to characterize an entity’s situation (e.g., person,
place, physical environment) [5]. A system is context-aware if it uses context to provide the
user with relevant information and services, where relevance depends on the user’s task.
Unlike many works which focused on recommending only touristic destinations [6] to
travelers, in this work we rank a list of complete travel offers for the travelers according to
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their context. This work has been carried out within the Ride2Rail (R2R)1 project, which is
part of the Innovation Programme 4 (IP4) of the Shift2Rail (S2R) initiative2 , which aims at
advancing the European transportation domain. The so-called Travel Companion (TC), which is
one of the contributions of the S2R IP4 ecosystem, is an application that can operate on various
devices to assist travelers before, during, and after each journey. To connect rural areas with
transportation hubs, the S2R ecosystem, through the TC, allows drivers to share their rides.
In this work, we continue the implementation of the recommender system introduced by
Javadian et al. [4]. The system employs the Context Dimension Tree (CDT) methodology [7, 8]
to design a contextual preference model presented in [3]. More precisely, this work aims at
answering the following questions:
1: How can we create a personalized preference model for ranking travel offers according to
the contextual preferences of the traveler using their historical records?
2: How can we create an initial preference model for new travelers using other travelers’
data with similar characteristics?
To implement a personalized Context-Aware RS for Travelers, we propose The Hybrid Offer
Ranker (THOR). THOR models the problem as a binary classification problem which predicts if
the traveler will buy any of the available travel offers or not. Using each traveler data, a unique
contextual preference model is built for each traveler. A ranking mechanism is designed in case of
multiple travel offers, which assigns the probabilities to rank the offers according to the user’s
personal preferences. In addition, the proposed system utilizes clustering algorithms to build a
preference model for each group by recognizing users with similar desires. Finally, by generating
an extensive dataset considering some precise rules, we test the system’s performance (in terms
of both computation time and accuracy). The developed RS showed promising results in terms
of the accuracy of its predictions.
The rest of the work is organised as follows. Sec. 2 presents the related work. Sec. 3 details
the proposed system and validation procedure. Finally, Sec. 4 concludes and outlines some
future work.

2. Background and Related Work
RSs typically fall into one of the following categories [9]: (i) Content-based, which provide
recommendations based on the user’s past purchases; (ii) Collaborative, which recommend
based on other users with similar preferences; and (iii) Hybrid, which combine (i) and (ii).
The framework developed by Sebasti et al. [6] collects users’ information and general preferences by asking them to enter their data and introduce their specific preferences for the
current visit; then, it generates a list of activities that are likely of interest to the user. A
hybrid RS first classifies users into different classes; then, according to the user’s records, a
content-based approach recommends places, and a filter selects the fitting places considering
the current request. Javadian et al. [10] propose a data-mining-based RS to rank the offers
by considering a score according to the characteristics of the user’s mobility request. The
proposed method by Fang et al. [11] automatically generates temporal feature vectors from a
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collection of documents based on Wikipedia and Twitter. Additionally, Coelho et al. [12] employ
travel-related tweets to personalize recommendations regarding POIs for the user. In this work,
historical buildings are considered for identifying POIs and classification models. Consonni
et al. [13] collect travel-centered mobility data and characterize the time spent traveling in
terms of the activities performed, i.e., fitness, enjoyment, and productivity; understanding the
travelers and their choices according to the nature of their travel time can help the system
learn the preferences more accurately. In [14] the sorting and selection actions are provided as
perspectives related to trip search options. This allows the system to rapidly learn the users’
preferences while they select different offers.
A content-based RS needs to access a sufficient number of users’ records in order to select
the user’s preferences. As a result, a new user might not receive accurate recommendations
if they have very few records. The “cold start problem” [15] occurs when there is not enough
historical data. Some techniques mentioned in [16] employ strategies based on each item’s
popularity and entropy on the user profile to determine the best recommendation items for
new users. Another approach is recommending to a new user the top popular offers. This
can increase the user’s purchase likelihood, but also decreases the level of personalization.
Finally, collaborative methods can be helpful from the personalization point of view, but the
recommendations’ precision might remain quite low.
In this work, we combine collaborative and content-based methods to develop a novel hybrid
approach. We consider a content-based method to find appropriate travel offers for new users.
Therefore, we use a collaborative approach to build recommender models for various groups of
users with similar characteristics and use them to provide recommendations to new users.

3. The Hybrid Offer Ranker (THOR)
We call the proposed RS The Hybrid Offer Ranker (THOR). In this section we provide the reader
with some details of THOR’s implementation and functions.
The main function offered by THOR allows for the ranking of travel offers presented to TC
users according to their contextual preferences. Figure 1 provides an overview of the THOR
system. The main procedure is as follows. As soon as a TC submits a desired source and
destination, as well as potential contextual preferences (mobility request), the Travel Service
Provider (TSP) returns a list of non-ranked travel offers satisfying the user’s request. In the
next step, for each of the travel offers, the Offer Categorizer module (OC) computes category
scores (e.g., environmentally friendly and comfortable). The resulting enriched travel offer will
be used by THOR for learning and ranking. Then, the enriched offers are combined with the
user’s most recent profile information which will be used as the Ranker’s input data.
In order to provide Context-Aware recommendations to the users, THOR employs the
aspects defining the users’ choice criteria. To identify these criteria, THOR employs the CDT
methodology which models the context as a rooted tree (See Fig. 2). The idea behind this
modeling approach is that it builds the model with the most general context as the top-level
nodes and gradually breaks the context into atomic characteristics while traversing the tree. In
our case, the main context nodes are as follows.
• User Profile contains the static information of the user. For example, the personal data,

Figure 1: High-level representation of THOR.

profile type, disability information, etc.
• Context contains the momentary information related to each of the mobility requests.
For example, the time (e.g., day vs. night), if the user was accompanying anyone, etc.
• Search Options represent specific explicit requests by the user while submitting a mobility request. For example, if they prefer specific means of transportation (e.g., airplane).
• Available Travel Offers encompasses the list of travel offers characterized by their offer
category scores as well as their leg-level information. This node helps us to understand
for a given mobility request, which travel offers were presented to the user and what was
the user choice among them.
Combining the mentioned context information enables THOR to better learn the contextual
preferences of each user separately. To exemplify, please consider a female user who mostly
travels for leisure with her partner in economy class flights. After giving birth to her child,
she changes her preference to train because of the comfort for her child. THOR learns such
contextual preferences and when she sends a mobility request accompanying only her partner,
probably the economy flights will be ranked higher, while if she accompanies her child, offers
containing train could be ranked higher. It should be noted that, in this example, for brevity
we simplified the contextual preferences. In reality, the user choice is affected by a non-linear
combination of the mentioned features.
Learner module is in charge of regularly updating each user’s personal preference model; it
utilizes various classification algorithms (KNN [17], SVC [18], DT [19], RF [20], and LR [21]) to
build classifiers which take as input the historical data of a single user and outputs the user’s
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Figure 2: Proposed Traveler Context Dimension Tree. Black circles, white circles, and white squares
represent, respectively, dimensions, concepts and parameters.

contextual preference model. Concerning the newly registered users for whom the system
has no historical data, the Learner module invokes its clustering block. A clustering block is
designed using 𝐾-means [22] and Density-based spatial clustering of applications with noise
(DBSCAN) [23] algorithms. The idea is that, at first, using the user profiles of all the users,
THOR identifies clusters of users with similar profile information. In the next step, for each
cluster, it collects the historical data of all the users belonging to that group. Then, using
the classification block mentioned earlier, it learns a group-level contextual preference model.
Having a clustering model and group-level contextual preference models for groups in hand, as
soon as a new user registers to the system, the Learner module identifies the group which the

user belongs to. Finally, the group-level contextual preference model will be used as the user’s
personal preference model. The model will be in use until the system collects enough historical
data from the user for building a pure personal contextual preference model.
The Ranker module is the main interface for computing the rankings of enriched travel
offers. At first the Ranker retrieves the corresponding recommender model of the user as well
as the enriched travel offers. In the next step, the Ranker predicts if the user will buy or not any
of the offers and saves the results. Finally, the system computes the ranking of the list of travel
offers through the confidence score of the predictions and presents them to the user.
Since the TC is going to be used by the users in the near future, we do not have access to
any real data. As a result, to test the performance of the system, both from the computation
time and accuracy points of view, we generated a dataset according to pre-defined distributions
and rules. Having a rule-based generated dataset enabled us to compare the performance of
the various classifiers and the system as a whole. On a fully controlled setting in which user’s
historical data were carefully inserted using human supervision, THOR reaches 95% accuracy.

4. Conclusion and Future Work
In this work, we tackled the issue of personalization of the user experience in the transportation
domain by designing and implementing THOR, a system that: (i) is able to learn individuals
contextual preferences using their historical records (RQ1); and (ii) employs the wisdom of
crowds to tackle the so-called cold start problem (RQ2). THOR ranks the travel offers for each
individual using the learned models.
In future works, we plan to use appropriate feature selection methods [24] to reduce the
complexity of the models. We also plan to build the social media (SM) core proposed in [4]
as a tool to characterize urban mobility patterns [25]. Having an appropriate SM core can
help decision-makers understand the user preferences during events [26, 27] that bring many
travelers to specific European cities.
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