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ABSTRACT
The use of contextual information like geographic, temporal (including sequential), and item features in Recommender Systems
has favored their development in several different domains such as
music, news, or tourism, together with new ways of evaluating the
generated suggestions. This paper presents the underlying research
in a PhD thesis introducing some of the fundamental considerations
of the current tourism-based models, emphasizing the Point-OfInterest (POI) problem, while proposing solutions using some of
these additional contexts to analyze how the recommendations are
made and how to enrich them. At the same time, we also intend to
redefine some of the traditional evaluation metrics using contextual information to take into consideration other complementary
aspects beyond item relevance. Our preliminary results show that
there is a noticeable popularity bias in the POI recommendation
domain that has not been studied in detail so far; moreover, the use
of contextual information (such as temporal or geographical) help
us both to improve the performance of recommenders and to get
better insights of the quality of provided suggestions.
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1

INTRODUCTION

Since the emergence of the first Recommender Systems (RS) in
the early 1990s, their main objective remains the same: to provide
hypothetically interesting recommendations to users by analyzing
their tastes and needs [36]. Many recommendation strategies have
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been proposed in the literature to achieve this goal, with collaborative filtering, content-based, and hybrid approaches being the most
widespread ones [2], normally oriented at predicting the missing
values of the user-item matrix. However, in recent years it has been
observed that incorporating additional contextual information, in
some cases, is key to improve the performance of recommenders [3].
Some of these additional contexts include temporal and geographical information, item features or even the weather, and although
they have been applied to various recommendation domains, some
of these contexts are especially useful in the Point-of-Interest (POI)
area, that is, in the tourism domain.
In fact, the development of POI recommender systems has been
recently motivated by the rise of Location-Based Social Networks
(LBSN), mostly due to the global increase on tourism, prevalent
use of mobile phones, and the pervasiveness of social networks
in general. In these LBSN the users record check-ins they make
to certain venues and share information with other users in the
system [49]. This information can be exploited and enriched by a
POI recommender in order to make suggestions of new places to
visit for the users.
Even if the general goal is the same as in traditional recommendation, the POI recommendation task has some particularities that differ from other, more widespread domains such as movies or books,
and hence, there are specific details that require further analysis.
Some of the most important ones are shown hereunder [26, 29, 46]:
• Sparsity: while the user-item matrix in RS is normally very
sparse, in POI recommendation the data sparsity is even more
severe. For example, the densities for the Movielens20M and
Netflix datasets are 0.539% and 1.77% respectively, while the
densities of the check-ins dataset from Foursquare [48] and
Gowalla [13] are 0.0034% and 0.0047% respectively.
• Implicit and repeated information: in many typical datasets
the interactions between the users and the system is encoded
through ratings, whereas in POI recommendation the only
available information is the moment at which a user visited a
specific venue. In addition, since users may check-in several
times on the same POI (something that in traditional recommendation is not usually taken into account [32]), some
researchers build frequency matrices in order to model those
repeated preferences.
• External influences: besides the collaborative information
that can be obtained from the user-item matrix, POI recommendation is highly affected by temporal, social (user
friends), and geographical influence. The latter is the most
important effect to consider in this kind of recommendation
as there is a clear correlation between the places the user
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visits and the distance between them [29, 30]. However, temporal information is also critical in POI recommendation: it is
not only necessary to know the schedules or the availability
of the venues but it is also useful to analyze seasonal trends
and establish sequential patterns from the items.
At the same time, the evaluation of both POI and traditional RS
has typically been oriented towards the analysis of the relevance of
recommendations. That is, by establishing a comparison between
the ground truth and the users’ recommendations using classic ranking metrics from Information Retrieval such as Precision, Recall, or
NDCG. However, even though there have been several analyses of
alternative evaluation perspectives such as novelty, diversity, and
serendipity [11] in traditional recommendation, it is still necessary
to delve deeper into these aspects for the tourism domain, as well
as considering and analyzing other possible biases inherent in this
specific type of recommendation since these special characteristics
are normally ignored in the experiments reported in the area.
Therefore, motivated by the previously mentioned open issues,
the research of this PhD thesis is focused on analyzing new contextaware perspectives of the POI recommendation domain (especially
by exploiting the temporal and geographical component in offline
experiments), including the adaptation of these perspectives towards how should the quality of the recommendations be assessed
(i.e., also adapting the evaluation step). Firstly, for POI recommendation we intend to exploit some of its intrinsic characteristics and
see the effects and biases that different POI approaches may have
in their recommendations to be able to explain better their performance. At the same time, we also plan to develop new POI recommendation strategies by taking advantage of the above-mentioned
contexts to propose new models and improve the performance of
existing strategies. Finally, regarding the evaluation aspect, we aim
to incorporate these additional contexts (such as the temporal, sequential, or geographical information) into the evaluation metrics
to analyze other dimensions beyond accuracy, if possible, under a
unified evaluation framework.

2 RELATED WORK
2.1 Sequential and POI Recommendation
Traditionally, the recommendation task has been formulated as an
optimization problem [2]:
i ∗ (u) = arg max д(u, i)

(1)

i ∈I

where the goal is to find the optimal item i ∗ which maximizes the
interest of user u on any item i ∈ I , measured by function g. Usually,
this utility function has been modeled by exploiting the user-item
matrix of the system, leaving aside contextual information that
may be important for improving the recommendations. Temporal
information is one of the most important contexts to take into
account – and one of the easiest to capture too as we only need to
store the moment when the user consumed the item. It has been
successfully included in some approaches like Matrix Factorization
([25]) or nearest neighbors ([9, 15]). Additionally, it has also favored
the emergence of recommender systems specially designed to model
sequences of interactions in a more natural way [34].

There is an important number of works proposing recommendation models that somehow exploit the sequential information. For
example, the authors of [35] proposed the FPMC (Factorizing Personalized Markov Chain) model, by combining Matrix Factorization
(MF) techniques and Markov Chains (MC) into a single algorithm.
Another hybrid approach is presented in [21] where the authors
combined an L-order MC with a personalization approach and Factored Item Similarity Models (FISM) into an algorithm named Fossil
(Factorized Sequential Prediction with Item Similarity Models), outperforming many state-of-the-art algorithms, including the FISM
techniques, FPMC, and Bayesian Personalized Ranking (BPR) models, although the researchers did not analyze the performance of
other traditional recommenders such as standard MF approaches
or neighborhood-based algorithms. However, one the most fruitful
strategies nowadays in the area to model sequences are Neural
Networks. Some examples include the GRU4Rec model, proposed
in [22] to capture the sequential dependencies between the user
preferences in order to make recommendations, and Caser, a Convolutional Neural Network method proposed in [44], that exploits
both the sequential patterns of the data and the general preferences of the users in order to make the predictions. There are other
approaches including Multi Layer Perceptrons, Autoencoders, Recurrent and Convolutional Neural Networks; for a complete survey
of these and other approaches, we refer the reader to [52].
Besides the temporal information, the geographical influence –
as discussed before – is another important context in the POI recommendation domain. Several POI-specific approaches model this
aspect specifically, including Matrix Factorization schemes (such
as [26, 27, 30] and in particular [16] that also models the temporal
context) or hybrid models combining both geographical and social
influence (user friends) [49–51]. It should be mentioned that the
research on POI recommendation is also related to the so-called
Tourist-Trip Design problem (TTDP) [17], where the objective is no
longer to recommend independent POIs but to be able to generate
meaningful routes taking into account additional considerations
such as the travel time, POI availability, or the distance of the total
route. However, we have detected a gap between route recommendation and some of the aforementioned models as sometimes the
personalization strategies or the user satisfaction are left in the
background ([5, 14, 47]) or they do not take into account some of
the important features of the TTDP as POI availability or travel
time ([12, 41]). In this sense, we believe that route recommendation proposals can benefit from both areas of User Modeling and
Recommender Systems to improve the personalization of recommendations by relaxing some of their original restrictions.

2.2

Recommender Systems Evaluation

The research advances made in the area of RS has also affected the
way of measuring the usefulness of the recommendations produced.
Although error metrics such as MAE or RMSE were initially used
in the area to analyze the performance of the algorithms (mainly
motivated by the Netflix prize from 2009), their use was displaced
by other metrics used in the Information Retrieval area (like Precision, Recall, or NDCG) in order to measure the quality of item
rankings, not simply by individual predictions. However, even if
these metrics allow us to perform a better analysis of the quality of
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the recommendations, there are some authors who have warned
about the necessity to assess other dimensions beyond relevance.
Two well-known examples of these complementary dimensions
are novelty and diversity, aimed at measuring whether the recommended items differ from what was consumed in the past (novelty)
or whether the items are sufficiently different from each other (diversity). In [11] the authors make an exhaustive analysis of both
novelty and diversity summarizing some important metrics that are
used in this context; then, they propose in [45] a probabilistic framework to derive some of these metrics using a common formulation.
Moreover, dimensions like robustness, confidence, or serendipity
have also been proposed and studied in other works [19]; however,
due to the large number of dimensions that can be evaluated, it is
widely accepted that finding a model outperforming every other
recommender in all dimensions is a difficult problem to solve [18].
In the area of POI recommendation, some works have proposed
complementary metrics using additional information to take advantage of the available contexts mentioned in Section 1. For instance,
in [8] the authors compute the popularity score and visiting time
of the POIs as well as the Recall at the category level instead of the
item level (something also proposed in [20] for Precision), whereas
in both [28] and [33], the authors proposed metrics specifically
designed to exploit the categories of the POIs. These metrics allow,
even though through an ad-hoc formulation, to perform a deeper
and more complete analysis of the recommendations produced by
POI recommenders. However, additional contexts remain unexplored – to the best of our knowledge – in terms of evaluation
dimensions. The temporal information and the sequences followed
by the users, although exploited when performing recommendations (e.g., in Neural Networks and Markov Chains models), they
have been mostly ignored when evaluating the quality of the recommendations (except in few works such as [12], where the authors
propose an adaptation of the F1 metric to take into account the
pairwise order of users visiting the POIs). Besides, exploiting the
sequential component in the evaluation step could be useful in
other domains, such as music, where sequences (in this case, in the
form of playlists) are also a natural way of representing the user
consumptions [43].
Besides, considering recent works where popularity and other
biases are showcased [6, 23], we believe it is necessary to perform
a more in-depth study on the tourism domain to understand the
behavior of the algorithms under its specific and intrinsic properties,
such as repeated consumption, high sparsity, and the tendency to
prefer venues that are closer to each other [31].

3

RESEARCH GOALS

The purpose of this thesis is twofold: on the one hand, we aim to
advance in the research of the POI recommendation problem by
improving the performance of the models through incorporating
other contexts and exploiting sequences in the data; on the other
hand, we expect to provide an exhaustive analysis on the evaluation
of the recommendations by defining new metrics that explore other
dimensions besides relevance. The whole thesis will be oriented
towards an offline experimental setup.
Based on this, first of all, we want to make an in-depth study
of the POI recommendation problem by analyzing its special
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features and considerations and see the effects that they have in
different algorithms. As a first step, we propose to compare classical
recommendation algorithms against specific POI recommendation
proposals (something normally ignored in the area) in order to
analyze their performance in different datasets together with an
exhaustive analysis of the different biases that may exist in this
domain, as discussed in the previous section.
Secondly, we aim to propose novel mechanisms to generate recommendations by exploring new ways of exploiting
user preferences and incorporating sequential components
oriented to the POI recommendation domain. Although there
are specific approaches to model both the temporal and sequential
components (see Section 2.1), this part of the thesis would be more
focused on algorithms that are computationally less expensive and
more easily interpretable, such as nearest neighbors. Besides, since
the proposed algorithms would somehow exploit the temporal information available in the datasets, time-aware evaluation settings
should be used [9], a practice not so common in the area, which
would require to perform a thorough comparison of the state-of-theart algorithms and the effect on performance of their parameters, as
well as how temporal splits affect the typical process of parameter
tuning. At the same time, these novel mechanisms should be able
to benefit from the available geographical information.
Finally, and to cover all the necessary steps to define a full recommender system, we plan to incorporate contextual features into
offline evaluation metrics to redefine the concept of “relevance”.
By doing so, we would obtain a set of complementary metrics that
will allow us to analyze the specific contexts available in our problem. The candidate features that could potentially be included into
classical offline evaluation metrics are the temporal information
(both from the perspective of the users – as the sequences followed
by them or how repeated interactions may affect the recommenders
– or of the items – as their freshness or temporal novelty), content
(such as the categories), and the geographical context (by measuring
the distances of the produced recommendations). In general, we are
interested in incorporating any information source that could help
us understanding how and why some recommenders may perform
better than others. As a result, we plan to use this information to
propose novel algorithms that would be considered in the previous
research goal, reinforcing the whole recommendation cycle – being
careful that the metrics are as independent as possible from the context features used by the recommenders, otherwise, the evaluation
methodology could be tuned towards those features used in the
algorithms. Although some of the metrics derived will be specific
to the POI recommendation area, we intend to generalize as much
as possible the developed framework so that the recommendation
analysis of any domain can benefit from it.

4

PRELIMINARY RESULTS

In this section, we present a brief summary of some of the results
obtained so far when addressing the research goals described before.
As a starting point to investigate in the area of POI recommendation, we decided to analyze some of the particularities of this specific
recommendation problem in more detail [37]. Firstly, we observed
that the results obtained using classic ranking metrics were much
lower than in other domains like movies, mostly due to the high
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sparsity and the high number of POIs to recommend. Secondly, we
observed that in POI recommendation there is a strong popularity
bias (also motivated by the great sparsity in typical datasets), which
means that the basic popularity recommender obtains a similar performance (and sometimes better) than other more complex models
like nearest neighbors or Matrix Factorization. Besides, we found
that repeated interactions had a huge impact in the recommenders
performance: through different temporal splits (either allowing the
recommenders to return POIs already seen by the user or not) we
observed that the results were remarkably higher when in the test
set we allowed repeated preferences, where instead of popularity, a simple recommendation algorithm that returns just the POIs
already visited by the user would outperform most of the tested
methods. In this work (and in others that we are currently developing), we used the global check-in Foursquare dataset from [48],
which includes more than 33M check-ins on 415 cities covering 18
months of users interactions; for our experiments, we performed a
temporal split and decided to work with isolated cities since there
is no item overlap between them.
Furthermore, and as a preliminary work prior to the thesis, we
investigated some mechanisms to add sequentiality in traditional
Recommender Systems. In this regard, we found that the Longest
Common Subsequence (LCS) algorithm [4] could be used in recommendation as a similarity metric (instead of cosine or Pearson) by
creating a method that transforms user preferences into sequences.
This proposal was presented in [7] (for movies and music) and [40]
(only movies but extending the framework to also exploit the item
features), although the sequences were not generated using temporal information, and this was left as a future work and to be
exploited in other domains with more realistic interactions. We
have also explored specific techniques for the tourism domain by
studying cross-domain strategies, where each city could be seen
as a different domain under common definitions in the area [10],
since items from different cities do not overlap with each other.
Inspired by the works where diversity is injected into retrieval
and recommendation lists [11, 42], and more recently, popularity
and novelty [1, 24], we have analyzed the feasibility of reranking
techniques to increase the sequentiality of the recommendations,
by starting with pure sequence-agnostic recommendations, and
building sequences according to different reranking strategies.
Finally, regarding the research goal related to evaluation, we have
advanced on different but complementary directions. Firstly, we
extended the novelty and diversity framework of [45] to integrate
the temporal novelty (freshness) of the items, in such a way that
items with more recent preferences will be more temporary novel
or fresh [39]. We observed some biases in the results obtained, like
temporal activity bursts and, in some datasets, a correlation between
the item ids and their age in the system. Besides, we also observed
that, usually, the recommenders that were able to retrieve more
fresh items, were also the best in terms of relevance, evidencing
that in some cases the users are more attracted to newer items
instead than to older ones. Furthermore, we also observed that the
user coverage of recommenders was an aspect that needs a detailed
analysis when performing a temporal split as sometimes there is a
large number of new users in the ground truth. Additionally, in [38]
we proposed a new and generic (anti) relevance model to measure
the recommendations that the user specifically indicated she did not
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like, this refers to those preferences in the test set with low ratings.
The main conclusion in our study was that the mere fact of learning
the tastes of users with personalized models (like BPR, nearest
neighbors, or Matrix Factorization) does not avoid to recommend
items the user scored with a low rating in the ground truth; on the
other hand, non-personalized algorithms like random or popularity,
even though their performance was worse in terms of relevance,
they also recommended fewer anti-relevant items in the test set,
which was a surprising and interesting result. Finally, and as a first
attempt on incorporating relevance and sequentiality in evaluation
metrics, in [37] we reformulated the LCS algorithm to be integrated
in traditional evaluation metrics and to produce, at least, results
comparable to Precision and Recall but considering the sequence
followed by the user in the test set. The results were promising,
although not many changes were found between the sequential
and classical variations of these metrics, mostly due to the very
small number of relevant items included in the test set. In the
future, we aim to continue studying this problem and extending the
experiments with further datasets and evaluation settings. In fact,
we believe these analyses can be applied to other recommendation
domains besides tourism as long as they share some characteristics;
for instance, the music domain could be a good candidate since
it also suffers from low sparsity, repeated consumptions, and the
sequential information is very important [43].

5

CONCLUSIONS

In this paper we have presented the current status of a thesis project
aimed at developing new perspectives for Recommender Systems
oriented to the tourism domain (with special emphasis on POI
recommender systems) where additional contexts like geographical and temporal information are used to improve and evaluate
recommendations. Firstly, we have analyzed some of the differences between the POI recommendation area and traditional recommendation, emphasizing the importance of contextual information
(highlighting the geographical influence in particular) and data
sparsity, and we have also described some of the strategies used
for both POI and sequential recommendation. At the same time,
we have also proposed the extension of traditional Information
Retrieval metrics used to measure the quality of the recommendations to take into account other dimensions besides relevance, for
instance by considering the temporal or geographical context and
information associated with users and items when assessing the
usefulness of the recommendations for the user.
Although we have a preliminary basis of published papers validating some of our hypotheses, we believe that further research is
needed on some of the presented aspects. Specifically, we consider
that the next steps must involve the use of contextual information
to analyze additional biases in the datasets for generating novel
POI recommenders and the analysis of the different recommenders
under the same evaluation methodology using the different, but
complementary, metrics proposed in this thesis.
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