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ABSTRACT
Given vast number of possible global travel destinations, choosing
a destination has become challenging. We argue that traditional
media are insufficient to make informed travel decisions, due to
a lack of objectivity, a lack of comparability and because infor-
mation becomes out of date quickly. Thus, travel planning is an
interesting field for data-driven recommender systems that sup-
port users to master information explosion. We present unresolved
research questions with working packages for a doctoral project
that combines the fields of recommender systems and user model-
ing with data mining. The core contributions will be a framework
that integrates heterogeneous data sources from the travel domain,
novel user modeling techniques and constraint-based recommender
algorithms to master the complexities of global travel planning.
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1 INTRODUCTION AND MOTIVATION
Global travel is booming. Airlines offer connections to all continents
except Antarctica, and most destinations can be reached within a
day. Affordable mobility has increased travel options, and it has
become easier to explore the world and learn about foreign cultures.
Given endless opportunities, how can the discretionary traveler
make informed decisions about possible destinations?

Typically, tourists use websites, blogs, printed travel guides or
travel agencies to make their travel plans. These sources are sub-
jective, of uncertain quality, and can become outdated quickly [27].
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Moreover, information about destinations that have not yet ex-
ploited for tourism is often too limited to form an opinion about
their attractiveness.

In this doctoral project, we want to investigate solutions for
a variant of the Tourist Trip Design Problem (TTDP) [27] at a re-
gional granularity. Mining and aggregating domain-related datawill
enable prospective travelers to independently choose their destina-
tions through informed and independent travel recommendations.
We assume that it is not obvious to have accurate expectations from
far distant regions. Finally, attractions of specific ethno-cultural
destinations are often not tangible but have to be experienced [25].

1.1 Scenario
We envision a user planning a multi-week travel comprising of
several destinations within a larger query area. This query region
could span across continents, or be a set of specific user-selected
areas. Based on user preferences, query area, and boundary condi-
tions (e.g., budget, travel season, and duration), the recommender
system should compile a set of regions within the query area that
considers the user’s temporal and monetary constraints.

1.2 Problem Statement and Research Areas
Based on a query region and user preferences, we want to recom-
mend a personalized travel plan comprising a set of destinations
with respective durations of stay. Note that the problem space of
such a travel recommender is inherently complex, and we have
identified three major research topics related to the target problem.
• Data-driven recommender system framework (section 3)
Destination information, such as attractiveness relative to prefer-
ences and costs, must be mined continuously from online sources.
The data must be stored and made available in aggregated form
for the other components of the system.

• User modeling (section 4)
Relevant domain features must be identified and the user’s prefer-
ences must be elicited effectively without requiring much effort.
The interplay of automated solutions and different user interface
concepts are to be evaluated.

• Constraint-based recommendation algorithms (section 5)
Travel is constrained by multiple factors, such as time, costs,
season, and visa regulations. In addition, the recommendation
algorithm should consider diversity and balance the costs and
benefits for visiting another region rather than staying at one
location for a longer period.
Throughout this doctorate project, we plan to focus on selected

aspects within these research topics. The foundation is a modular
framework for destination recommender systems that can handle
various subsystems, i.e., domain and user modeling, data warehous-
ing, the recommendation algorithms, and the front-end.
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2 RELATEDWORK
Research into tourist recommender systems has been conducted
for more than 15 years [22]. However, due to the complexities of
global travel, existing approaches rather focus on urban trips or
recommend fixed travel packages.

2.1 Tourist Trip Recommender Systems
Trip recommendations can be performed at different granulari-
ties. The least complex are recommendations for single venues and
travel packages. Liu et al. [11] proposed the Tourist-Area-Season
Topic (TAST) Model to identify traveler interests and the seasonal
suitability of travel regions. In a follow-up paper [10], they eval-
uated their proposed model and augmented it with relationship
information to recommend travel packages to groups. A similar
approach introduced by Tan et al. [23] focused on feature selection
to identify latent user interests. Using a framework of feature-value
pairs to represent users and travel packages to calculate distance
metrics, their approach employs collaborative filtering methods
without any user ratings. Other approaches [7, 29] attempt to solve
variants of the TTDP [27] to recommend a series of points of inter-
est (POIs), typically limited to urban areas. The underlying problem
for the TTDP is the Orienteering Problem [26]. Most recently, [6]
proposed a fast algorithm for multi-day tourist trips.

Herzog and Wörndl [8] developed a region recommender for
personalized continental travel. The user is asked to specify her
interests, e.g., nature & wildlife, beaches, or winter sports, as well
as potential travel regions and monetary and temporal constraints.
Respecting these constraints, a recommendation comprises a set of
regions that maximizes the user’s preference score, while taking the
travel season and diversity of the regions into account. Determining
the duration of stay per region is done simultaneously, however,
the algorithm applies a static reduction of 5–10% to the preference
score per week; thus, it is quite coarse-grained. The destination
information comes from several online and offline information
sources, which must be incorporated and updated manually.

As opposed to these approaches, we propose to replace expert
knowledge with automated data mining techniques, because man-
ual maintenance of global travel data is infeasible.

2.2 Mining Traveler Mobility Patterns
A vast amount of spatial-temporal data is collected from GPS mod-
ules in mobile phones. Users can choose to publish such data in
location-based social networks (LBSNs) whose general adoption
has given opportunity for researchers to analyze human mobility
combined with social activities. Since the user’s locations and social
graph reveal significant information about individual preferences
such data has been analyzed to improve recommender systems [3],
For example, spatial co-occurrences can be used to identify similar
users and generate implicit ratings for collaborative filtering algo-
rithms [30]. In a more elaborate approach [2], travelers in a foreign
city are matched to local experts based on their respective home
behavior when recommending Foursquare venues. Hsieh et al. [9]
used past LBSN data to recommend travel routes along urban POIs.
They present an approach to derive the popularity, best time to
visit, transit time between venues, and the best order to visit POIs.
By analyzing past trips, we aim to improve both user modeling side

by assessing how certain users prefer to travel, and also improve
trip recommendations by determining a destination’s typical time
and duration of visit.
Working Package 1: Conduct a comprehensive literature survey.

3 A FRAMEWORK FOR DATA-DRIVEN
RECOMMENDER SYSTEMS

We aim to create a modularized architecture to establish a des-
tination recommender prototype. We want to compare different
approaches for one component; therefore, we propose to establish
a microservice architecture with strong encapsulation and stan-
dardized message passing protocols. This will enable a dynamic
interchange of components, e.g., to conduct A/B experiments with
different recommendation algorithms and front-ends.

3.1 Data Warehouse
Providing high-quality recommendations requires rich knowledge
about the target domain. Currently, information for tourism pur-
poses can be obtained from various online sources. Nonetheless,
obtaining relevant features from heterogeneous sources is a data
mining challenge [1]. We propose a data warehouse for data-driven
recommendations to store and continuously update information
about the items to be recommended, i.e., travel destinations. Hav-
ing historical data enables the detection of trends and improves
recommendations, e.g., by determining seasonal fluctuations.

3.2 Region Model
Recommending destinations requires a set of destinations. In an
initial approach [8], regions were structured by hand into a region
tree where the Earth was the root node followed by continents,
sub-continental regions, countries, and states. The size of the query
region determines the granularity of the model, resulting in some
countries being combined to larger regions, e.g., the Baltic countries
or islands in the Caribbean. The advantage of such a model is that,
based on the query region, the depth of the region tree can be
adapted dynamically to return destinations of a comprehensible
size. An ideal solution would realize a trade-off between the features
of GeoTree1, a strict hierarchical data structure of political and
administrative regions and the WikiTravel hierarchy2, which has
relaxed consistency for capturing travel-specific features of regions.

3.3 Region Characterization
With a fine-grained region tree, the regions must be enriched with
information about relevant factors, such as costs per day, suitability
for certain types of traveler, main attractions and potential activities.
Our idea is to calculate these metrics based on the presence of
venues in the given areas.

Personal Fit. We are currently investigating how collaborative
sites, such asWikipedia andWikitravel, and online services, such as
Google Places3 and Foursquare, can be used to gather the features
of regions. This information must be analyzed, aggregated, and
normalized to obtain useful assessments of the individual suitability
1http://geotree.geonames.org
2https://wikitravel.org/en/Wikitravel:Geographical_hierarchy
3https://developers.google.com/places
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of a given region relative to specific user preferences. Here, the
basic assumption is that the density of certain venues can be used
to derive a good measure of personal suitability.

Budget. The daily costs for a typical tourist usually consist of
accommodation, food, and activity costs. Curated lists, such as the
Price of Travel4, which offers a backpacker index, are of limited
help, because their data are sparse and we require up-to-date, and
machine-readable information to estimate a budget. However, such
sparse lists can be used as ground truth to validate novel approaches.
To determine hotel prices, we calculate the median price of a repre-
sentative set of hotels obtained via the Google Hotel Prices API5.
Food prices are more difficult to estimate. A relatively accurate
source of information could be Numbeo6, which provides detailed
information (e.g., a meal in a restaurant, cappuccino or transporta-
tion costs) about the cost of living in 511 cities in 86 countries
around the world. The service offers a paid API; however, this API
cannot be used to determine food prices for the other 160 countries.

Duration of Stay. In a previous paper [5], we investigated typical
tourist travel patterns with a focus on the duration of stay. Although
this initial step lacked generality due to sparse data, it revealed
where travelers did or did not spend time. We plan to extend this
research with more data and refined granularity.

Transportation Costs. Traveling between regions incurs costs.
Although these costs are sometimes negligible, e.g., when driving
between two neighboring regions, they can be significant depend-
ing on the mode of transportation and the distance between regions.
The flight costs between regions can be queried using different APIs,
such as Skyscanner7; the Google Transit API8 provides information
about public transportation.
WP 2: Create a framework for data-driven recommender systems

with a data warehouse that aggregates heterogeneous data
sources to be used in other parts of the recommender system.

4 USER MODELING
For personalized, content-based recommendations a good item
characterization and detailed understanding of user preferences
are fundamental. These are commonly elicited and refined through
interaction with a user interface. We also plan to investigate how
preferences can be extracted from information provided by the user.

In the original approach [8], users manually provided preferences
with binary indications about their interest in certain predefined
activities. We plan to improve this to continuous intensities per
category whose values are derived automatically based on social
media [4]. Here, the idea is that a history of travel destinations or
information from posts, images, and other interactions in LBSNs,
can be used to obtain a detailed profile of the user’s personality [28].
This can be complemented with explicit question-answering about
the intended type of travel, such as the seven traveler profiles
described by Neidhardt et al. [18].

4https://www.priceoftravel.com
5https://developers.google.com/hotels/hotel-prices/api-reference
6https://www.numbeo.com
7https://partners.skyscanner.net/affiliates/travel-apis
8https://developers.google.com/transit

Travel planning is a process; thus, the user should be able to
alter the original recommendations. Therefore, a conversational
approach [20] with elements of active learning [19] appears to be
quite promising. The possibility of critiquing [15] can help fine-tune
algorithms such that the system can “[...] automatically improve with
experience [17, p. xv]”, which is a key part of Mitchell’s definition
of machine learning. To understand the benefits of different user
modeling techniques, we plan to conduct controlled lab experiments
using human-centered research methods. The important dependent
variables are the effort for users to provide their preferences and
the level of detail of the user model.

WP 3: Develop efficient and effective strategies for eliciting user
preferences using available data and user interface concepts.

5 CONSTRAINT-BASED RECOMMENDATION
The core of a recommender system is the recommendation engine
that ranks items based on a query. However, in the TTDP, the
challenge is not just returning the top n items but also to selecting
a good combination of such items. Framing the initial ranking as
a matrix factorization problem would result in extremely sparse
data. We propose to obtain rankings based on weighted features of
the items; thus, we plan to employ the content-based recommender
systems paradigm [12].

Having computed a ranked list of destinations, the actual set of
recommended items must be derived in consideration of various
factors, such as temporal and monetary constraints, as well as
item diversity. If the user preferences are rather specific and the
destination model is fine-grained, the top-ranked items may be
very similar. In such situations, the algorithm should skip some
destinations in favor of improving the variety in the travel knapsack.

Messaoud et al. [16] proposed a variety-seeking model using
semantic hierarchical clustering to establish diversity in a set of
recommended activities. Similarly, Savir et al. [21] introduced an
additional diversity constraints based on attraction types to ensure
that the trip’s diversity level is above a threshold. Another idea
is to adjust item diversity based on the user’s personality profile.
For example, Wu et al. [28], assessed the user satisfaction based on
the diversity level of the recommendations. That study and other
approaches [18, 24], use the Five Factor Model of personality [14]
to improve recommendations. Tailoring trip diversity to user pref-
erences appears to be a promising avenue to improve the quality of
recommendations.

Finally, given a set of regions that fulfills the basic constraints,
we propose to fine-tune recommendations by determining how
long each of the destinations should be visited, which depends
on the typical time required to visit a specific region and of the
type of traveler. Lu et al. [13] presented an approach to find an
optimal trip in a city within temporal constraints. However, their
data model does now allow adaptation of the duration of stay for
each attraction. Thus, it is an interesting challenge to determine
how aggregated mobility patterns [5] can improve personalized
recommendations relative to the duration of stay.

Having implemented the system, we propose to evaluate it on-
line to maximize the number of test subjects. The framework will
support A/B testing of independent variables (i.e., novel algorithms
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and baselines) and will collect the dependent variables derived from
explicit and implicit feedback.
WP4: Develop content-based recommender algorithms that solve

the TTDP without violating user-defined constraints.

6 CONCLUSIONS
In this exposé we have drafted a collection of open research prob-
lems whose solutions comprise a global destination recommender
system for independent travelers. The main contributions have
been organized into four working packages. First, literature in the
corresponding fields must be collected, categorized and written
up to form a basis for our own contributions. Then, a framework
for data-driven recommender systems will be designed to enable
continuous data acquisition for item characterization and domain
modeling. User preferences will be elicited using novel data-driven
user modeling methods, which are to be compared with traditional
approaches. Finally, constraint-based recommender algorithms for
multi-destination tourist trips will be designed.

These problemswill be approached using adequate user-centered
research methods, and by developing a research prototype, which
will be evaluated in user studies and presented to the scientific
community via peer-reviewed publications. We are confident that
the data-driven contributions of this thesis can be generalized from
the tourism domain and transferred to other complex domains
where Assistive AI struggles to establish itself.
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