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Point of interest (POI) recommender systems (RSs) aim at enriching tourists’ visit experiences by suggesting context-dependent and
preference-matching attractions and services at specific locations in a tourist destination, such as restaurants, parks, and cultural
and historical attractions. Tourism, unlike some more common recommendation domains, such as music and video, requires a more
structured and high-stakes decision process: tourists invest significant time, money, and effort to search, choose, and consume the
selected POIs. Despite extensive research contributions in this area, based on our analysis of the relevant literature and our experience
in designing, building, and testing POI RSs, we conclude that some fundamental issues of POI RSs are still unresolved, limiting the
applicability of these systems in real-world scenarios. In this reflection article, we briefly summarize the research field and identify
important pitfalls that challenge scientific progress and impact on businesses. To address these challenges, we outline research
directions that may help move the field forward.

Therefore, the first contribution of this reflection article is a critical assessment of the current state of the art on POI RSs, and the
identification of key shortcomings in three main dimensions: users and system log datasets, recommendation algorithms, and system
evaluation methods. We highlight critical limitations, such as the lack of standardized benchmark datasets, flawed assumptions in the
problem definition and model design, and inadequate treatment of biases in user behavior learning and system performance. The
second contribution is a structured research agenda that, starting from the identified issues, introduces important directions for future
research related to multistakeholder design, context awareness, data collection, trustworthiness, novel interactions, and real-world
evaluation. We offer the proposed research directions, while not being exhaustive, as a contribution to address the identified pitfalls of
POIRSs.
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1 Introduction

Tourism offers a rich and multifaceted application scenario for the development of recommender systems (RSs). By
assisting tourists in processing information collected on web portals and social networks, and choosing alternative
products and services, RSs can both enhance tourists’ travel experiences, and impact on the economic, social, and

environmental dimensions of the visited destinations. In this reflection article, we focus on a type of tourism RSs,
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2 Bellogin, Dietz, Ricci, & Sanchez

which generate point of interest (POI) recommendations. POI recommendations are context-dependent and tourists’
preference-matching attractions and services at specific locations in a tourist destination, such as restaurants, parks,
and cultural and historical attractions. Reflecting on a targeted and concise assessment of the state of the art and its
research gaps, we derive a few non-exclusive research directions aimed at addressing these pitfalls, which we believe
currently hinder the wider adoption of POI recommender systems. The proposed research lines are also informed
by a reflection on how POI RSs should be designed and optimized to really help travelers in their decision-making
processes. Moreover, we focus on how POI RSs can manage the trade-offs between tourists’ preferences satisfaction
and the long-term sustainable development of the visited destinations [13, 124].

RSs are becoming more and more common in daily life, and POI recommendation is no exception. POI catalogs are
featured on websites and applications used for navigation, travel planning, and booking. Based on tourists’ expressed
preferences and the analysis of their past choice behavior, RSs help them find landmarks, restaurants, museums, and
even hidden attractions, making it easier to explore unfamiliar destinations [130, 143]. However, tourism-related
decision-making is quite different from the processes involved in other, more traditional recommendation domains,
such as books or movies [27]. The stakes are higher in tourism as travelers invest more time, money, and emotional
involvement to search and select the desired products and services. The success of an RS depends, not only on the
right match of the collected and learned tourist preferences with the recommended items, but also on a wide range of
highly dynamic contextual factors [10, 63, 83]: the specific visit intent/goals of the traveler, the traveler’s personality
and mood [24], the specific atmosphere of a venue in a particular situation [149], the season and the weather at the visit
time [10], and the composition of the traveler’s group [6, 140]. These factors, combined with the variability of traveler
and travel types, make it difficult to design effective RSs, i.e., that ensure a smooth and effective user-system interaction
and ultimately contribute to making satisfactory travelers’ decisions. Moreover, such variability and dynamicity make
it complex to properly evaluate POI RSs with the necessary rigor and significance, by means of offline or online
experiments. As a result, research in this area has often overlooked real usage scenarios, considering oversimplified
contexts, producing results whose practical value is difficult to interpret. That ultimately complicates the transfer of
research RS prototypes to operational solutions [35, 162].

Hence, in this reflection paper, we aim to identify important shortcomings in the research on POI RSs. Our goal is to
contribute to the development of best practices in the academic community by critically examining common problems
across three main interconnected dimensions: user behavior and system log datasets, recommendation algorithms, and
RSs evaluation methods. Based on our expertise and supported by a targeted discussion of the state of the art, we have
identified 20 pitfalls that we consider both widespread and critical. Although by no means exhaustive, these pitfalls
highlight key challenges whose resolution would substantially strengthen the impact of research in this field. In fact, we
believe that by providing such an organized list of POI RSs’ shortcomings, we can raise awareness on critical challenges,
so that the field can be better understood and more relevant and significant research directions can be prioritized.

The first pitfall category relates to the availability and utilization of datasets. We observe that offline evaluations of
POI RSs are conducted relying almost exclusively on outdated, incomplete, and biased data sets, which are obtained
mainly from Location-Based Social Networks (LBSNs). In contrast, user studies, which have been used to collect more
detailed features of tourists’ preferences and behaviors, have other limitations: they involve small samples of subjects
and generate tiny data sets, which are useful for addressing specific research questions, but cannot be used to test
general system applicability and effectiveness. We believe that such data-related issues limit our understanding of the

true effect of POI RSs on real users.
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Second, we observe that core POI recommendation algorithms often prioritize accuracy metrics, which, while
important, can overshadow other valuable goals, such as contextual relevance, diversity, and fairness. This narrow
focus tends to favor algorithms that prioritize popular places, which are easily predicted as relevant for any tourist,
hence reducing personalization and limiting the discovery of other minor but still relevant POIs. In fact, recommending
well-known places adds little value, because travelers are also easily made aware of popular places by alternative
information channels, such as newspapers, social networks, and web portals, which are simpler to implement and
maintain. We recognize that what makes POI RSs especially useful, and also sustainable, is their potential to foster the
virtual exploration of a destination, and the discovery of novel POIs, matching travelers’ intent and preferences, that
might not have been easily found by using other information search tools [15].

Third, we provide a critical analysis of how POI RSs are evaluated. We stress again that many studies rely on a
narrow selection of performance metrics in offline testing environments and, therefore, fail to capture the variety and
complexity of the true tourists’ behavior. Moreover, the lack of standardized data pre-processing strategies leads to
experimental outcomes that are hard to interpret and match to the dynamic and context-sensitive nature of travelers’
behavior. Finally, we criticize the research focus on studies aimed at incremental improvements of well-known general
techniques, missing the more substantial challenges posed by the reproducibility and the proper measurement of
algorithmic performance [33].

Based on the identified pitfalls, we propose a research agenda comprising a selection of research directions aiming
to address the identified limitations of current POI RSs. Like the identified pitfalls, these research directions are
not exhaustive. They are proposed here as those we believe can best help address the challenges highlighted. The
research lines are: multistakeholder system design, context-aware recommendations, collection of tourist behavior
data, trustworthiness in system design, novel interaction modalities, and real-world evaluation. In more detail, the
proposed research agenda calls for the adoption of richer and more reliable datasets, together with recommendation
algorithms that can adapt to dynamic contextual factors, such as user intention, social group dynamics, and destination
environment (e.g., weather, traffic, transportation). In conclusion, we consider that POI RSs research needs to better
frame the POI recommendation task, target broader multistakeholder objectives, and adopt more reliable evaluation
procedures, which exploit more significant data and are transparent about data pre-processing.

We wrote this paper because we were dissatisfied with some current practices in POI recommendation that we think
limit the impact of the scientific work. We are university researchers based in Europe, with academic interests primarily
rooted in computer science, specifically in the core methodological foundations of recommender systems. Our scientific
background shapes how we view challenges and prioritize research opportunities in POI recommendation. Due to
this, this reflection paper puts less emphasis on tangential aspects of related and relevant disciplines, such as tourism
management, human-computer interaction, or business and policy aspects of tourism ecosystems.

The remainder of the paper is structured as follows. Section 2 introduces the application problem, stating the specific
characteristics and challenges of POI recommendation in tourism contexts. Section 3 briefly reviews the state of the art,
summarizing the main approaches and research topics in the field. Section 4 discusses the limitations and open issues
related to the datasets commonly used in POI recommendation works. Section 5 focuses on algorithmic limitations,
highlighting aspects such as evaluation biases, lack of contextual modeling, and ignoring multistakeholders, while
Section 6 addresses widespread shortcomings in evaluation practices. Section 7 presents our research agenda to address

the previously mentioned issues. Finally, Section 8 summarizes the lessons learned and concludes the paper.
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Fig. 1. Relationships between the main stakeholders of the tourism market. The relationships are based on [85, 138, 163]. For clarity
in presentation, we used dashed lines to highlight all influencing aspects on the tourists.

2 Application Problem

Point of interest recommendations can play a crucial role in supporting travelers in the whole decision-making process,
in particular, by helping them discover relevant venues and better organize their visits throughout the different stages
of the trip. Since multiple players are involved, we initially give an overview of the key stakeholders and how they are
connected. Moreover, to properly define the POI recommendation problem requires differentiating between tourist
information processing and decision-making activities that are conducted before the travel (pre-trip planning) and

during the trip (in-trip recommendation) [142].

2.1 Stakeholders Involved in POl Recommendation

Tourists have diverse necessities and constraints, such as preferences for certain types of venues, time or budget
constraints, the kind of suggestions they want, or they require to meet the preferences of others in their group. These
needs and constraints affect the choices they make and are often influenced by promotion activities performed by a wide
range of stakeholders in the tourism market, such as destination management organizations (DMOs), local governments,
booking platforms, tour operators, airline companies, travel agencies, or even social network influencers [85, 138, 163],
as depicted in Figure 1. Each stakeholder has its own economic, social, and political objectives, which could be
complementary, but some players may also have goals that conflict with the interests of tourists, depicted in the center
of the figure. Hence, the tourism recommendation scenario must be framed as a multistakeholder scenario [1, 22, 101] and
an effective RS must properly balance the goals of the stakeholders involved when constructing its recommendations.

Early work on multistakeholder recommendation focused only on the immediate stakeholders: tourists seeking
personalized and satisfying experiences, and businesses and e-tourism platforms seeking revenue through bookings.
Today, local businesses are also influenced by community expectations for more sustainable regional development, which
can lead to regulations such as visit-time limits at overcrowded POIs or restrictions on certain types of establishments.
Communities expect governments to support economic growth while preserving social and environmental resources.
Many DMOs are now seeking strategies to promote lesser-known areas to help local businesses grow while reducing
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overcrowding in more popular venues[77, 114-116, 139]. Herein, the goal is to achieve a fair exposure of all the areas
of a larger region, so that even the less popular ones can attract visitors and compete with the few already popular
ones [13]. In fact, some tourists are explicitly expressing interest in sustainable travel information and suggestions, and
are ready to accept extra costs or limitations, when the goal is to improve the sustainability of their trip [48, 69].

When designing POI RSs, it is not enough to match user preferences and constraints with the available POIs. Other
goals also matter, such as the overall business development, the spatial dispersion of tourists, the well-being of local
communities, and the general sustainability of the involved processes [117], while maintaining the tourists’ satisfaction
at the center of the recommendation process. POI RSs research must keep this complex ecosystem in mind and ideally
should be able to advise all the connected stakeholders on how to offer or consume services that are to the benefit of
everyone.

Moreover, to better frame the POI recommendation problem, it is important to recognize that what we refer to
as a tourist is often a group of tourists. Families, friends, couples, or ad hoc organized groups plan their visits and
experience together the chosen POIs. This dimension increases the complexity of the recommendation task, as within a
group, its members can exhibit divergent preferences and constraints [70]. Developing POI RSs that consider both the
potentially conflicting objectives and the dynamics of group decision-making is necessary to generate fair and inclusive

recommendations that satisfy all group members.

2.2 Pre-trip Planning Support

In a tourist’s customer journey, pre-trip planning refers to the high-level selection of which city or region to visit, and
the search for information on the destination’s main services and attractions, i.e., which accommodation to book and
the most valuable POIs to visit once the user is there. It can be performed over a long time frame, e.g., weeks and
months. In this phase, tourists usually interact with various systems, such as booking platforms, transportation and
navigation apps, destination portals, etc., exchanging and processing a considerable amount of information. The notion
of destination lies in the core of this phase and defines its goal. However, the concept of destination is not limited to a
geographical place [41]. It is a concept defined by the cultural background of the traveler, the prior knowledge of the
destination, and the distance of the traveler to the destination [44, 57]. A destination is also dynamically defined and
redefined by tourists’ behaviors. Places or activities that were not considered attractive may become appealing through
content shared on social media, tourism websites, and other communication platforms. Targeted media campaigns
and the spread of information can influence visitors’ interests and attention. Moreover, the reasons for visiting a given
POI can differ from one tourist to another and be related to factors, such as the tourist’s cultural background, prior
knowledge, and specific travel goals, whether to study, relax, satisfy curiosity, or something else [55, 113, 119].
Therefore, RSs designed to support pre-trip planning must go beyond traditional information filtering, which is
the most common approach in the available solutions. That is, instead of simply selecting items, they should act as
intermediaries, offering personalized content that matches the different cultural and emotional values of the destination
with the traveler’s interests [142]. Hence, effective POIRSs need to show that the recommendations satisfy the underlying
motivations and preferences of users through clear descriptions and explanations [147]. Moreover, it is important to
segment the venues of a larger territory into tourists’ targets, i.e., to define and describe destinations whose visits can
better match the wide variety of tourists’ needs [44, 62, 112]. Thus, POI RSs should become moderators of complex
information exchange processes between suppliers and consumers to identify underused areas, suggest promotional
opportunities for emerging places, and support marketing strategies based on traveler demand and behavior, especially

when the destination is new to the user [143].
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2.3 In-trip Recommendation

In contrast to the pre-trip recommendation, in-trip recommendation is strongly influenced by the real-time context
of the visit to a selected destination, including the availability of POlIs, the position of the tourist and its distance to
alternative POIs, time and weather constraints, accompanying group dynamics, and the evolving preferences of the
tourist [42, 132]. Hence, in-trip POI RSs should support the real-time, context-dependent, decision-making processes
that tourists perform when visiting a selected destination. Context can refer to multiple concepts, depending on the
application scenario and the discipline of analysis [2]. We argue that in the case of POI recommendation, relevant
contextual information falls into three main categories. First, POI-related context includes factors such as distance
from the traveler’s position, estimated travel and visit times, POI opening hours, and ongoing events in the POI's
area. Second, the user-specific context refers to current interests, needs, and constraints of the traveler, such as fatigue,
hunger, mood, or group preferences [23, 64, 72, 104, 127]. Third, external context includes factors not directly related
to the tourist but still influential, such as weather conditions, air pollution, temporary disruptions, urban noise, or
crowd density [132, 149]. The combination of these three types of contextual factors can significantly influence tourists’
decision-making process, potentially leading to changes in their original pre-trip planned targets and itinerary. For
example, a group may plan to visit two museums in a row, but after the first visit, they could decide to rest in a nearby

bar before continuing [65].

3 State of the Art

In this section, we briefly survey some important results from the state of the art of POI recommendation. We organize
the discussion around three core dimensions: data, algorithms, and system evaluation. The aim is to establish the
necessary background to identify existing research gaps and directions which can address these gaps; these are the two
main contributions of this work. This state-of-the-art survey is not comprehensive; a much larger space is necessary,
which is beyond the scope of this reflection article. The reader can consult recent systematic surveys [130, 160], which

offer more comprehensive and detailed analysis of the literature.

3.1 Data Used in POl Recommendation

Datasets based on Location-Based Social Networks (LBSNs) such as Foursquare, Gowalla, or Yelp, have been widely
used in the POI recommendation literature, as they provide large-scale check-in data from users with diverse profiles,
including different types of tourists and locals [130]. In some cases, these LBSNs also provide information regarding the
POIs, such as their type (e.g., park, historical building) and reviews, as well as user data, including gender and followers.
However, despite their usefulness and usage, these datasets present some limitations that must also be considered and
will be discussed in Section 4. In addition to LBSNs, some works use photo-based platforms such as Flickr, where users
store, organize, and publicly share POI images, together with rich metadata. TripBuilder [26] is an example of a dataset
based on Flickr used in tourism RSs: it includes reconstructed POI visit trajectories in three major Italian touristic cities.
These data logs were created in a fully automated process by using geo-tagged photos from Flickr, and subsequently
identifying the featured POIs and gathering additional information by using Wikipedia. This Flickr data was also used
in [73], where the authors dealt with errors in both timestamps and geographical coordinates of the originally extracted
trajectories. This issue was also pointed out by [43]. However, Flickr data provides good indicators of the spatial regions

preferred by tourists and POI popularity, by assuming that photo sharing reflects user interest. Among the publicly
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available Flickr datasets, the Yahoo Flickr Creative Commons 100 Million Dataset (YFCC100M) [146] stands out for its
scale and usage. It has served as the basis for multiple derived datasets in tourism and POI recommendation [88, 89].

Other recent data sources are emerging outside the domain of LBSNs. For example, the YJMob100K dataset [166]
contains large-scale anonymized human mobility trajectories collected from 100,000 mobile phone users over 90 days,
covering both regular and emergency scenarios. This dataset, originally intended for the prediction of urban mobility,
may offer promising opportunities to evaluate POI and trajectory recommendation models under realistic and changing
conditions. Tourist-oriented data can be much less noisy when interactions with POIs are explicitly recorded, for
example, through visit actions with visitor cards. Although such data is rare, a notable case is when tourists log their
activities using a visitor card or city pass, as done in the Italian city of Verona [102].

Finally, when real data is scarce or incomplete, synthetic datasets have been proposed to fill this gap. For example,
Merinov et al. propose a mechanism that generates individual-level user profiles from aggregated population-level
tourism data, and simulates POI visits using a discrete choice model with divergence minimization. A recent trend in
the community for creating synthetic datasets consists of using large language models (LLMs) to emulate users. In this
case, instead of generating full trajectories or proposing a new recommendation algorithm, Banerjee et al. focus on
generating realistic and diverse travel queries used by an RS based on LLMs [14].

In summary, while traditional LBSNs datasets provide large-scale check-ins and rich metadata, they suffer from quality
drawbacks regarding the check-ins [172]. Other sources based on photos also contain errors regarding the coordinates
or the temporal information [73], although they might provide better signals of the tourists’ preferences [88, 89]. Other
datasets based on mobility and visitor-card logs capture more realistic preferences and trajectories; however, their use is
not so widespread. In Table 1 we present a selection of datasets commonly used for addressing the POI recommendation
problem and other related tasks, such as next-POI or trajectory recommendation. The table also includes details like
access links and key data attributes. It is worth noting that these datasets vary in popularity and usage within the
research community. Finally, when real data is scarce, synthetic datasets (sometimes obtained using LLMs) are used
to represent user profiles and travel queries. However, some authors have shown that if synthetic datasets are not
carefully designed, they may end up exhibiting systematic biases such as popularity bias [34]. In Section 4, we discuss

more in depth these problems in the Pitfalls 1 to 7.

3.2 Recommendation Algorithms and Models

Researchers targeting tourism and POIRSs have proposed a wide variety of algorithmic approaches for their development,
ranging from traditional nearest neighbors and matrix factorization techniques to more recent strategies based on neural
networks. Classical models—especially those based on content and user profile similarity—are often used because of their
interpretability and simplicity. These approaches, together with matrix factorization, try to predict user preferences
based on previous check-ins or ratings by identifying similar patterns or latent interactions in the user-POI interaction
or rating matrix. Content-based information, which is normally obtained from POI attributes (e.g., categories, textual
descriptions, or geographical information) and user profiles, has also been explored as a source of side information in
collaborative-based approaches. For example, Gao et al. proposed in [52] a matrix factorization approach with content
information, while in [30], Chang et al. proposed a content-aware POI RS based on neural networks (using convolutional
neural networks, multilayer perceptrons, and an attention mechanism). In fact, the use of these classical techniques has
been somewhat displaced due to advances in neural network-based architectures, which, in recent hybrid proposals,

can also use nearest neighbors or matrix factorization algorithms as part of their model [130].
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Table 1. Datasets used in publications dealing with POl recommendation and related tasks (ordered alphabetically). We include the
links of the datasets if they are available to the public and other important characteristics (we use NA if the information regarding a

specific column is not available). We refer to the reader to [130, 132] for more details regarding some of the datasets.

Dataset Timeframe Size & Type Area Venue details Additional information
Brightkite 2008 - 2010 4.49M (check-ins) Worldwide Coordinates User friends
Context 2017 - 2018 1.3M (check-ins)  Tokyo, Petaling Categories, coordinates, Trajectories, weather
Trails Jaya, New York price, schedule
Foursquare 2012 - 2013 33.3M (check-ins) Worldwide Categories, coordinates NA
Global-Scale
Google Local 2002 - 2021 666M (reviews) United States Categories, coordinates, de-  Photos, text
scriptions, price, schedule
Gowalla 2009 - 2010 6.4M (check-ins) ~ Worldwide Coordinates User friends
Semantic 2017 - 2018 11.9M (check-ins) Worldwide Categories Trajectories
Trails 2018
Trip builder 2007 - 2012 133K (check-ins) Pisa, Florence, Categories, coordinates Photos, trajectories
Rome
VeronaCard 2014 - 2023 2.7M (check-ins) Verona Categories, coordinates, Crowdedness, weather
popularity, time visit
Yelp 2025 2005 - 2022 6.99M (reviews) 11 metropolitan Categories, coordinates, Photos, review text, stars,
areas schedule user friends
YJMob100K 75 days 141M (records) Japan Categories Emergency scenarios
YFCC100M 2004 - 2014 99.2M  (photos), Worldwide NA Photos, videos

0.8M (videos)

Even more recently, the rapid progress of LLMs in recommender systems has also gained attention in both tourism
and POI RSs [37]. For example, Li et al. address the problem of next-POI recommendation by proposing a new method
that uses pretrained language models to better exploit the rich contextual data from LBSNs [87]. Unlike previous
approaches that rely on numerical representations, the proposed framework maintains the original structure of the data
and relies on contextual information. Wang et al. present SeCor [157], a new approach to next-POI recommendation (i.e.,
which POI to visit after having visited an initial sequence of POIs) that combines collaborative and semantic information
using a multi-modal strategy. It addresses limitations of previous models in capturing complex spatio-temporal patterns,
while also mitigating LLM-induced hallucinations. By combining user-POI interaction embeddings with rich semantic
representations, their model generates more robust and expressive hybrid encodings that improve recommendation
performance.

Reinforcement learning has also been adopted as a viable solution to the challenges of POI recommendation, such as
the cold-start problem. Massimo and Ricci introduce a reinforcement learning tourism RS called “QEXP” that uses a
model based on the behavior of POI visits extracted from POI visits logs. A related approach introduces a hierarchical
reinforcement learning framework named “HRL-PRP” designed to improve POI recommendation by better capturing
complex user behavior [164]. In contrast to traditional models, their proposal revises user profiles through a two-level
decision process: a high-level component decides whether the user’s profile should be updated, while a low-level
component selects which noisy POIs from the user’s history should be removed.

Cross-domain and transfer learning approaches have also been used to mitigate training data sparsity and im-
prove recommendations. For instance, Zheng et al. exploited information from GPS logs, POI databases, and the Web
to obtain location-activity, location-feature, and activity-activity correlations to improve recommendation perfor-
mance [173], whereas Sanchez and Bellogin demonstrate that augmenting data with nearby cities’ check-ins improves
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accuracy in cities with fewer interactions [129]. Similarly, Zhang and Wang use clustering over city regions to support
recommendations in unfamiliar cities [170].

Conversational recommender systems are also particularly useful in travel and tourism [71]. For example, Nguyen
and Ricci proposed a novel approach to address the group POI recommendation problem [103]. Their mobile system
tracks and exploits users’ interactions during group discussions to recommend POIs and offer other helpful suggestions
to guide the group to reach consensus. Li et al. present a reinforcement learning approach that integrates geographical
patterns with dialogue interactions for next-POI recommendation [86]. Zhang et al. propose a conversational translation
approach for the next-POI recommendation problem under uncertain check-ins [171]. Their method combines a
recommendation module that captures both sequential information and recent preferences from conversations, with a
conversational module to improve recommendation quality while minimizing conversational turns.

Another major research line has adopted operations research techniques to solve optimization problems in itinerary
generation and route planning. Herzog et al. give an overview of the different problem formulations [63], including the
“Time Dependent Team Orienteering Problem with Time Windows” [54] to model route planning for travelers who
wish to visit various POIs using public transport, the “Vacation Planning Problem” [150], in which a traveler wants
to explore an extensive geographical area, or the “Tourist Trip Design Problem with Travel Instructions” integrating
public transport data [7].

In summary, classical similarity-based and matrix factorization approaches —sometimes incorporating content-based
features— are still used. However, most current works make use of neural networks in the recommendation pipeline,
often integrating content information as well. In some cases, multi-modal approaches are also considered in order to
better exploit contextual data. Other research lines include reinforcement learning, cross-domain, and transfer learning,
in order to address the cold-start problem or to mitigate sparsity, and conversational RSs that help users in deciding
their next visits through a dialogue. Finally, operations research techniques are used for itinerary generation and route
planning, considering constraints related to available time windows and public transport.

It is worth noting that most of the current POI recommendation approaches focus only on building solutions that
optimize accuracy metrics [130] (i.e., the accuracy in predicting the POIs that the tourist will actually visit), ignoring
other relevant evaluation dimensions, which are discussed in the next section. Besides, other problems arise; for example,
the generated recommendations may be biased, affecting all the involved stakeholders [131], and models may not adapt
well to changing contextual conditions or evolving user preferences [81]. Moreover, if the recommendation process is
not transparent enough, the user may easily mistrust the system. In Section 5, specifically through Pitfalls 11 to 20, we

provide a more detailed analysis of these challenges, related to algorithm design.

3.3 Evaluation Practices

The evaluation of POI RSs has traditionally relied on offline experiments, i.e., by using the datasets mentioned above
in Section 3.1, and measuring the performance only of the core recommendation algorithm, in terms of how well it
generates recommendations which appear to be suited to the logged users, according to some hold out test data. That is,
an available dataset of users consumptions (e.g., check-in or reviews) is split into training and test sets, either temporally
or at random. In particular, the split can be done per user, based on each user’s check-in history, or globally, treating
all interactions collectively. Then, recommendation algorithms are trained on the training set and evaluated for their
ability to predict which venues users interacted with (checked-in or reviewed) as recorded in the test set. Common
evaluation metrics include Precision, Recall, Normalized Discounted Cumulative Gain (nDCG), and Hit Ratio, usually

measured at a fixed cutoff [60]. Due to the often sequential nature of the POI recommendation problem, some authors
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have proposed metrics that consider the order of visited POIs, such as the pairs-F; proposed by Chen et al. [31] or
sequential adaptations by Sanchez and Bellogin of the previously mentioned metrics [128].

However, although practical and reproducible, this type of evaluation does not fully reflect the dynamic and interactive
nature of the real-world recommendation task, and the available test data is not sufficient to properly validate the
recommendations, as they cannot fully simulate the possible user feedback to the recommendations. To address the
inherent limitations of offline evaluation methods, user studies have also been adopted to better understand user
perception, satisfaction, and behavior, while assessing the system-generated recommendations. For example, Hazwani
et al. show in their user study how to mitigate the cold-start problem by showing that people who participate in
storytelling experiences are more willing to provide explicit preferences [61]. In addition, Hofschen et al. analyzed the
divergence between the expected utility of users before visiting a POI and their experience after the visit, collected
through a web-based interactive survey. The results showed that these two types of utility often lead to different
preference patterns [66].

Other studies focus on the perceived usefulness and novelty of recommendations. For example, some studies found
that although algorithms can generate highly novel recommendations, many users find it difficult to appreciate items
that are not familiar with [95, 123]. Complementing these findings, research on group decision-making in tourism has
explored how group preferences evolve during collaborative destination planning [40]. The findings highlight the need
for systems that support dynamic group interactions and help build consensus.

Beyond user studies, simulation-based evaluations are also gaining traction as a way to assess recommender systems
in scenarios that are difficult to observe directly, such as the tool proposed by Piliponyte et al. that allows DMOs to
simulate the impact of an online promotion campaign [118]. This simulation uses recommendation techniques to select
the destinations that are promoted to each tourist. Simulations of interactions in a multistakeholder RS can be optimized
to benefit both users and destinations by maximizing tourist usefulness, while fostering unpopular venues [101].

Hence, most of POI recommendation works still evaluate their proposals with offline methods based on the classical
train-test splits of an available data set, and the computation of accuracy metrics like Precision, Recall, or nDCG. While
the evaluation of additional dimensions such as novelty and diversity is becoming more common in other application
domains, these aspects are still largely overlooked when recommending POIs. Furthermore, many details regarding
evaluation strategies are often insufficiently reported, which limits the reproducibility of the obtained results [130].
Classical offline evaluation methods also fail to capture the interactive nature of the real recommendation task; thus,
user studies are employed instead. In such studies, it is essential not only to capture user satisfaction but also to
gather a more fine-grained assessment of the interaction, including their opinions on the explanations provided for the

recommendations. In Section 6, we analyze the extent of these issues in Pitfalls 16 to 20.

4 Pitfalls in Widely Adopted Datasets

In this section, we examine key challenges related to the use of existing data sets in POI recommender systems. Our
analysis is organized by data source, where the two most prevalent primary sources in current research, location-based
social networks and user studies, are discussed in detail. We also briefly touch on more unconventional or emerging

data sources that have been or could be used to support the development and analysis of POI RSs.
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4.1 Issues with Location-Based Social Network Datasets

LBSN datasets, discussed in Section 3.1, present several challenges that must be considered when used to develop POI
recommender systems. As LBSN data is the most commonly used source for offline evaluation of POI recommendation

models, we exhaustively analyze it.

Pitfall 1: Outdated data leads to mismatches with today’s reality. Many publicly available LBSN datasets are
outdated, as some of them were collected more than a decade ago [16, 130]. The lack of published and recent datasets
is likely to be attributed to tightened data protection legislation in the Western World, such as GDPR [50], as robust
anonymization of individual mobility is practically unattainable without the loss of essential information typically
required to train recommendation models [153, 156]. This temporal gap presents significant challenges: POIs may have
closed, relocated, or their experience may have changed substantially. As a result, models trained on such data may
end up recommending venues that no longer exist or are no longer relevant, undermining the system’s real-world
applicability [47]. In addition, user behavior recorded in these datasets may no longer represent actual mobility trends,
particularly in urban environments where user preferences frequently change. Critically, to the best of our knowledge,
no publicly available POI recommendation dataset has been collected and released following the COVID-19 pandemic.

This absence presents a significant gap, as the pandemic has had a lasting impact on urban mobility [134, 165].

Pitfall 2: Mismatches between training data and target RS users impede reliability of model performance.
Several studies have revealed a mismatch between the training data used in POI recommender systems and the diverse
behaviors of their target users [129, 133]. For example, research on the Foursquare global-scale check-in dataset has
shown that most users exhibit highly localized behavior, with check-ins concentrated in a single city [129]. This bias
limits the dataset’s utility for modeling tourist activity, which often implies cross-city or international travel. Moreover,
reducing users to a binary classification of “locals” and “tourists” oversimplifies the complexity of real-world behavior.
Each group can be further segmented based on the patterns available in their check-ins [43]. Among locals, distinctions
emerge based on the types of venues they visit, while tourist behavior may vary significantly depending on the scope of
their travel, i.e., if they are regional, domestic, or even intercontinental visitors, affecting the performance of different
recommendation models [133]. A common pitfall in this context is that POI recommender systems designed for travelers
are trained and evaluated with interactions provided predominantly by locals, resulting in unreliable results.

Regarding temporal aspects, Noulas et al. analyzed 12 million Foursquare check-ins, finding a significant disparity in
check-in patterns between weekdays and weekends. However, in both cases, check-ins at residential venues increased
constantly throughout the day, suggesting a behavior more typical of residents than of tourists [106]. Some authors
have shown that user POI visiting patterns differ across temporal states, such as working vs leisure time or weekdays
vs weekends. Hence, treating check-in data as temporally homogeneous, not accounting for variations in temporal
contexts, may affect temporal regularities, reducing the effectiveness of POI recommendation models [21, 121].

Finally, there is concern that LBSN data may not accurately represent ground truth. For example, a study of the Murcia
region in Spain [4] revealed discrepancies between venues registered in Foursquare and those detected on-the-ground
observations. Their study shows divergences of more than 80% in the retail sector and more than 30% in food and
entertainment venues. Another aspect of unreliable data is the posts/check-ins performed by bots, which should be
detected and excluded from the analysis [108].

Pitfall 3: Incomplete data increases sparsity. The User-POI interaction matrices in LBSNs are extremely sparse.
Most users check in at only a few venues, while many POIs receive few or no check-ins. This imbalance makes it
Manuscript submitted to ACM



12 Bellogin, Dietz, Ricci, & Sanchez

difficult to learn actionable user preferences and intensifies the cold-start problem for both users and locations [16]. To
illustrate the extent of this sparsity, standard benchmarks in traditional recommendation tasks such as the Netflix and
MovieLens20M datasets have interaction densities slightly above 1.5% and 0.5%, respectively. In contrast, LBSNs datasets
like Foursquare and Gowalla have densities as low as 0.003% and 0.005% [130]. Furthermore, LBSN data is inherently
incomplete as it is based on voluntary contributions from users. Unlike domains such as music or video streaming, where
every user interaction is automatically logged by the system, LBSNs depend on users actively recording their visits,
such as checking in or posting content. This self-selection introduces important bias and coverage gaps [53, 136], as we
further discuss in Pitfall 4. To address this problem, it may be beneficial to enhance existing datasets with additional
contextual information using cross-domain techniques. For example, an increase in visitor activity at a particular place
may be due to external factors, such as a major event (e.g., a sports match, concert, or cultural festival), while favorable

weather conditions may also lead to increased mobility compared to rainy days.

Pitfall 4: The types of logged visited POIs lead to bias in the datasets. Importantly, missing data is not missing
at random (MNAR). This means that the probability of missing data depends on hidden causes, such as user preferences,
behaviors, platform design, and the type of users who use these platforms. This non-randomness introduces different
types of biases, which can significantly affect the performance and fairness of the RS [159]. For instance, Wang et al.
observed substantial discrepancies between the check-ins recorded on Foursquare and the actual mobility of the users,
due to privacy considerations, lack of interest, or simply forgetting to check in in the venues [155]. Some POlIs, especially
those that are considered socially sensitive or niche (e.g., adult entertainment locations or particular nightlife spots),
may be underrepresented in LBSN datasets. This scarcity of check-ins is not necessarily due to the absence of visitors
but rather to users’ reticence to publicly associate themselves with such places. Similar behavior has been observed in
other domains, such as when users omit certain music tracks from their listening history to maintain a curated public
image [46]. These types of bias, introduced by oversharing certain content or self-censorship, raise serious limitations
to developing accurate and equitable POI recommender systems. When the underlying data is not only incomplete
but also systematically biased, models may not capture the real preferences and behaviors of users. Discrepancies can
also arise from both extraneous check-ins (e.g., users checking only to earn rewards [155]) and missing check-ins at

sensitive locations such as healthcare facilities or political venues [5].

Pitfall 5: Platform-specific interactions bias the temporal and spatial patterns of user behavior. Online
platforms exhibit different interaction patterns, which can alter how user behavior is observed and interpreted. For
example, review-based platforms may offer rich information on POIs [168], but often lack temporal accuracy. This is
because reviews are typically posted some time after the original visit, hiding when the interaction actually occurred.

Similarly, research that relies on photo-sharing platforms like Flickr often uses geotagged images to infer user
trajectories. In such cases, researchers attempted to map geotagged photos to real-world POIs to reconstruct users’
travel paths [43, 89]. Like reviews, there are challenges in the geographical or temporal inaccuracy: more than one POI
may exist at the recorded coordinates (because of a low resolution or granularity, or simply because several venues exist
very close to each other), users may upload content long after it is captured, and many of the available datasets from
the pre-smartphone era have unreliable timestamps of creation [146]. Due to these uncertainties, it becomes difficult to
accurately reconstruct tourist trajectories. Furthermore, geotags are not always automatically recorded but are often
manually added, which introduces further uncertainty in location data. Finally, the content shared on social networks is
often event-driven [78]. Users are more likely to post photos during festivals, holidays, or peak tourist seasons, which
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incorporates temporal patterns [17]. This seasonal bias makes it difficult to extrapolate findings to less frequent periods

or to formulate year-round generalizations about tourist behavior.

Pitfall 6: Prevalent data collection practices raise privacy and ethical issues. The data collection methods for
many of the datasets present additional ethical issues. The use of LBSN data without explicit user consent, combined
with the ability to re-identify individuals based on location patterns [36, 126], is incompatible with GDPR legislation [50].
Many of the freely available datasets were collected prior to entry within the GDPR, and contain sensitive and difficult to
anonymize location information about users who probably did not agree to their data being processed [148]. Furthermore,
data collection that breaches platform terms of service can raise legal issues related to users’ rights and may expose
researchers who publish such datasets to legal action. Currently, it seems that much research relies on datasets that do
not meet high ethical standards. To mitigate the issues linked to individual mobility datasets, the research community
will need to rethink its practices and likely shift toward application-based data-sharing platforms for sensitive data, as

is common in fields such as medicine or psychology [18, 79, 125].

Pitfall 7: Limited knowledge of user context reduces personalization. LBSNs datasets often do not contain
rich contextual and demographic details, such as users’ age, gender, travel purpose, or personal preferences. This
lack of information limits the ability to generate personalized POI recommendations that take into account important
distinctions, such as whether a user is a tourist or a local, or whether a traveler is visiting a location for leisure, business,
or other reasons. While some research has explored alternative data sources to enrich the user’s context in terms of
weather [149] or by analyzing user-generated photos to infer travel context [141], such approaches are not commonly
integrated into traditional LBSN platforms.

In addition, the influence of group dynamics is frequently neglected [40, 49]. It is often unclear whether a registered
check-in represents individual patterns or is influenced by group contexts, such as traveling with friends, family, or
colleagues. A single user may show different behavior depending on the social environment, leading to heterogeneity

in activity patterns [154].

4.2 Issues with Data from User Studies

User studies are commonly used during the development and evaluation of recommender systems. As in the social
sciences, there is a continuum of control level in these experimental settings. At one end, there are lab studies, which
offer strong control over experimental variables. At the other end, there are field studies, in which user choices are
observed through interactions with a recommender system in (pseudo) real-world conditions. It is important to note
that the LBSN datasets mentioned earlier do not fall into this category, as the interactions they contain are not shaped
by a recommender system but instead reflect user mobility and behavior.

In the context of recommender system research, user studies in laboratory settings often compare different interaction
paradigms and are used to provide an early indication of model performance. In such cases, interaction data is collected
under controlled conditions, specifically designed to evaluate the effects of alternative methods or models [60, 65, 169].
While such controlled experiments can reveal users’ general opinions on recommendation algorithms and offer extra
insights, for example, through think-aloud methods [105], their artificial tasks and environments limit how well the
results generalize [80, 120]. In addition, the participant pool often shows sampling bias [90] and participants’ attention
towards the task may vary [107].

A smaller number of studies have collected observational data by capturing user behavior or preferences without the

influence of a deployed recommender system [40, 42, 66]. These studies are rare but valuable, as they offer insight into
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users’ natural decision-making processes. Still, they face the issue that users have no real “skin in the game,” as they do
not need to invest time or money in actually visiting the places they select. However, even these observational studies
typically highlight only specific facets of tourist behavior or the capabilities of recommender systems.

Publicly available field studies in POI recommendation remain scarce because they require sending people on actual
trips, which is prohibitively costly for most research institutions. In the following, we summarize the main limitations

of datasets derived from user studies.

Pitfall 8: Limited users’ sample impedes comparability with offline studies. User studies that evaluate research
prototypes often have a limited number of participants, raising concerns about the scalability and generalization of the
findings. Typical sample sizes are of the magnitude of 100-200 participants [8, 40, 42, 94]. Although these studies provide
useful information, their small sample sizes limit the statistical power and robustness to train modern recommender

models developed with respect to large-scale datasets.

Pitfall 9: Sampling bias skews participant demographics. While social media data introduces its own set of
biases (cf. Pitfall 2 & 3), user studies are often even more demographically skewed due to the challenges of participant
recruitment. In many cases, detailed demographic information is insufficient, and there is a well-documented bias
in computer science research toward recruiting WEIRD participants (Western, Educated, Industrialized, Rich, and
Democratic) due to their accessibility to researchers [90, 137]. This over-representation limits the generalization of the

findings and raises concerns about the external validity of user studies in POI recommendation research.

Pitfall 10: Short-term observations limit temporal generalizability. Consistent with the limitations discussed
above, user studies typically capture only short-term behavior, offering a snapshot of user interactions over a limited
period. As a result, user studies are typically ill-suited for examining long-term tourism dynamics, such as evolving
preferences, seasonal patterns, or repeated visit behavior [169]. Besides, while user studies have been widely adopted in
traditional RSs, they remain largely unexplored in the POI recommendation domain [160], mostly due to the substantial
cost of recruiting participants to use research prototypes in a non-laboratory setting. One of the few works that
conducted user studies in this domain is [95], where the authors performed a user study to analyze the user-perceived

novelty and interest for the recommendations.

5 Pitfalls in Algorithm Design

As discussed in Section 3.2, a wide variety of algorithms have been proposed for POI recommendation. In this section,

we focus on the general challenges that most algorithms face in this recommendation domain.

Pitfall 11: Emphasis on accuracy metrics in algorithm design despite unreliable measurements. The incom-
pleteness of LBSN datasets (cf. Pitfalls 3 and 4) presents a significant challenge for any algorithm aiming to perform well
in practice. Since recorded information consists of voluntary check-ins, POI RSs cannot capture the full scope of user
behavior, as it is possible in general recommendation systems, where datasets stem from interactions with a deployed
recommender system [29]. This limited information forces models to learn only a partial view of real-world behavioral
patterns, leading to unreliable outcome metrics. Moreover, many POI recommendation approaches formally optimize
accuracy, despite the fact that the datasets themselves do not fully reflect user behavior and are inherently unreliable.
Hence, even when accuracy is targeted, this contributes to the observation of lower estimated values, compared to
other RS application areas [95]. This issue will also be discussed in the evaluation pitfalls part (Section 6), but here we

emphasize the importance of a more cautious selection of the target accuracy metric, which is optimized in the model.
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Pitfall 12: Rigidity and lack of adaptability of the algorithms reduce contextual relevance. Often, the
recommendation algorithms address a formal problem that does not match exactly the application problem, as discussed
in Section 2. A common consequence of that is the lack of a desirable property: dynamic adaptability to the evolving state
of individual user intents and contextual factors [81]. In fact, tourists’ general motivations for visiting a destination—
whether leisure, business, or cultural exploration—may significantly influence the preferences. Moreover, while visiting
a destination, it is common for users to include a variety of types of POIs in their itinerary, depending on their context,
for instance, searching for a place to relax when tired. Hence, algorithms that lack a proper mechanism to adapt general
personalization techniques to incorporate dynamic contextual information do not provide effective support to users
and will be perceived as static and not responsive. To fill this gap, there is a need to develop systems that can respond
to contextual changes and facilitate decision-making during the trip, not only before the trip starts. For example,
in [109], the authors propose a framework that allows users to modify itineraries directly on a map to better adapt
their personal interests, which in the long-term might only gradually shift, but can vary widely in the short run, or
be very time-sensitive [91]. Advanced models that integrate multi-objective optimization, taking into account factors
like user satisfaction, diversity, and contextual relevance, have shown promise in addressing these challenges [32].
However, the true problem remains to design an effective and unobtrusive context monitor component and to adapt

recommendations to the obtained information.

Pitfall 13: Popularity bias in recommendation algorithms compromises fairness, diversity, and sustainable
tourism promotion. Popularity bias is a common problem in RS, and is even more pronounced in POI RSs. The result
is that well-known venues are disproportionately recommended, eclipsing less popular but potentially interesting POIs.
While popular venues are worth seeing for many tourists and recommending them increases confidence in the RS,
excessively focusing on these POIs is a clear limitation. In fact, recommending popular POIs might even exacerbate
the massification of central venues, negatively impacting the quality of tourists’ experiences and the well-being of
the local community. Moreover, exposure bias, where certain items are presented more frequently to users regardless
of their relevance, might only increase the severity of the problem [131]. Such biases not only limit the diversity of
recommendations, but also raise concerns about fairness, as popular POIs may not be well suited to niche types of
travelers [167]. Hence, addressing these challenges requires developing algorithms that can mitigate such biases while

still providing accurate and personalized recommendations to all types of users.

Pitfall 14: Disregarding multistakeholder setting hinders fair and sustainable competition. Current algo-
rithms, developed by academic research, often target the end-user, that is, the user who visits the recommended POlIs,
ignoring other stakeholders such as service providers or the local community. This focus can lead to unacceptable
outcomes for the broader ecosystem [12], and can even produce unintended negative consequences for the target users
of the system, such as overtourism and the lack of coverage of many small businesses. Some works have shown that it is
possible to incorporate the interests of different multistakeholders while preserving the utility of the recommendations.
Balakrishnan and Wérndl show that end users are sensitive to changes in the priorities of the recommendations and
accept the inclusion of the interests of other stakeholders, as long as there is transparency and the recommendations
maintain some utility level for them [8]. Another investigated solution proposes to tune a stakeholder’s balance param-
eter, which can simultaneously improve user satisfaction while reducing overcrowding in popular locations [101]. That

study highlights that a balanced promotion of sustainable POIs can align different stakeholder goals more effectively.
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Pitfall 15: Lack of transparency and explainability compromises user trust and limits system adoption. As a
multistakeholder environment, POI recommendations affect not only user decisions but also destinations’ economies. In
e-tourism, user trust is already weakened because users know they are customers of a commercial platform that, while
serving their needs, also optimizes recommendations for its own goals. The platform’s goals, namely balancing profit
and user satisfaction, can sometimes diverge [98]. Relying on black-box models without providing any explanation to
users may cause them not to trust the system and, therefore, to stop using it. Although recent approaches based on
LLMs allow for more instinctive interaction with the system using natural language [14], the validity and truthfulness
of the recommendations are not easy to verify. Hence, since visiting a POI affects both the time and the economic cost

of the user, it is a fundamental requirement to verify the explainability of the models.

6 Pitfalls in the Evaluation

In this section, we discuss important challenges that should be faced when evaluating POI recommendation approaches;

some of them are direct consequences of the previously discussed issues regarding data and algorithms.

Pitfall 16: Incomplete, and misaligned with user goals, performance metrics overlook trust and diversity.
There is often a mismatch between the evaluation metrics used and the actual users’ tasks and objectives. For example,
while information retrieval metrics like precision or recall are adequate to measure the system’s ability to retrieve POIs
that match user queries, they will not effectively evaluate the system’s ability to help users explore a destination’s
offerings or to plan a complete visit involving multiple POIs. Besides, in the tourism domain, it is more important to
support, and therefore evaluate, the ability of the system to allow the discovery of novel POIs, rather than enabling
look-up information search, which focuses on the retrieval of items, based on the user’s explicit queries, which are
sometimes impossible to formulate for the user [59, 142].

This is related to the multifaceted nature of the application domain: travelers want to capture the variety of
destinations’ offerings, hence they need help to reflect on, compare, and assess the recommended POIs. Therefore, POI
RSs should also be evaluated on their ability to represent the diversity of a destination’s attractions, not just their ability
to identify individual POIs that match the user’s tastes.

At the same time, a solid evaluation of a tourist RS should take into account the trust of the user towards the system,
as recommendations in this domain can often be considered as advertisements, especially those present in operational
systems, which are created by marketing departments. Moreover, users usually invest a large amount of money and
time in arranging a holiday, so receiving poor recommendations has a significant negative impact. Therefore, it is

essential that the systems are reliable to be useful in this domain [20].

Pitfall 17: Neglect of user-centric factors reduces usability, trust, and contextual relevance in real-world
applications. Tourist online experience is closely related to the system interactivity, where ergonomics, usability, and
accessibility are needed to provide useful systems for users [51, 144]. Therefore, evaluations must assess and measure
these aspects. Without proper validation of these aspects, it is risky to launch a POI RS in an operational environment. In
this context, incorporating explanations and transparency in user interactions should be another dimension to consider
in the evaluation, especially when conducting user studies. This would increase trust in the system and make tourism
experiences more adaptive and comprehensible [84].

Moreover, important aspects for tourists, such as distance to POIs, price, and user experience at the destination
environment, are frequently omitted in both recommendation algorithms and their evaluations. Incorporating these

factors into the evaluation is essential to improve user satisfaction and provide contextually relevant suggestions [111].
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Herein, there is a disconnect between urban studies and personalized recommendations. Only a few studies bridged the
experience of the urban environment of a certain destination or the surroundings of a POI and the travelers’ individual

preferences [42, 68].

Pitfall 18: Lack of user and item segmentation leads to generic recommendations that poorly match alterna-
tive traveler types. Distinguishing between different types of users (such as locals and tourists) or items (popular or
niche) is also crucial in the evaluation stage of the system [133]. However, most current research does not consider
users or items based on their behavior or characteristics, leading to generic recommendations that may not align with
individual user needs or other multistakeholder goals.

In particular, user segmentation plays an important role in addressing the cold-start problem, which is common
across many recommender system domains. New users and new items often lack sufficient interaction data, making it
difficult to generate meaningful recommendations without leveraging additional information. Some approaches attempt
to mitigate this problem by incorporating auxiliary information or taking advantage of group behaviors [145], but a
universally effective solution is still missing. In fact, standard evaluation procedures do not explicitly consider these

conditions as part of the holistic scenario where tourism RSs should continue providing good suggestions.

Pitfall 19: Inconsistent evaluation strategies with a few metrics hinder fair comparisons and obscure
real-world effectiveness. The lack of standardized data splitting methods can lead to data leakage and unreliable
performance evaluations [74]. Given the implications of random vs. temporal, user-based vs. global data splitting
methods, it is essential for studies to clearly specify and motivate their data splitting strategies and other evaluation
settings to ensure reproducibility and allow fair comparisons of alternative models [99, 130].

At the same time, most of the current literature prioritizes ranking accuracy metrics like Precision, Recall, and
nDCG, and often ignores other critical beyond-accuracy dimensions, such as novelty, diversity, user satisfaction, and
fairness [130, 161]. For example, algorithms trained to optimize accuracy may repeatedly suggest popular POIs, which
are also liked by many tourists, but this also produces a lack of variety and ultimately user disengagement. These
limited evaluation perspectives result in poorly diversified recommendations and users who are unaware of new or
less popular venues, hence providing a biased picture of how the algorithm would perform in a real, multistakeholder

environment.

Pitfall 20: Lack of reproducibility hinders scientific progress through comparative evaluation. Although
it is becoming increasingly common to publish the source code of the core RSs algorithm in public repositories, the
reproducibility of the published results is still problematic. Specifically, in the POI recommendation domain, Sanchez and
Bellogin analyzed 310 contributions between 2011 and 2020 finding that only 13 provided the code of their models [130].
It should also be noted that sometimes even the bare code is not sufficient to determine whether the experiments
conducted are significant and reproducible [33]. Hence, it is necessary to ensure that the code is easily adaptable and
modifiable to experiment with other datasets or under different conditions, so that the overall evaluation remains

comparable and fully reproducible.

7 A Research Agenda to Address the Pitfalls of Current POl Recommender Systems

As we have discussed in the article, the very practical target of building more useful POI recommender systems is still
facing a number of diverse obstacles. In this section, we highlight a selection of research directions, which have already
produced some results, and we believe can further contribute to overcoming the identified pitfalls. It is important to
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note that while the identified research directions are broad, they are not exclusive, and have been selected after the
analysis of the cited literature and a discussion among the authors. We believe that moving the research along these
directions can contribute to the implementation of more useful, realistic, and reliable POI recommender systems. The
identified research directions are: multistakeholder design, context-awareness, data collection, trustworthiness design,

novel interactions, and real-world evaluations.

Research Direction 1: Multistakeholder Design. As previously mentioned, a proper definition of the POI rec-
ommendation task requires the identification of multiple stakeholders’ objectives [1]. Commercial platform owners
are aware of this essential requirement and have therefore implemented recommendation techniques, which are only
partially transparent to the academic community. These techniques balance platforms’ profit with end user person-
alization, i.e., matching offers with observed tourists’ preferences and intents [56]. Conversely, public organizations,
i.e., national and regional DMOs, lack the competence and the technologies to implement an effective transition from
the classical role of tourist information providers to the emerging need of becoming tourists’ flow managers. In fact,
today, an important focus and driver of the research on POI recommendation should be the wide goal of destination
sustainability [97]. In this perspective, many DMOs are struggling when facing overtourism and are still failing to
enhance the development of less popular and peripheral POIs and locations, which is a vital goal for these organizations.
To help such organizations and build more useful POI recommender systems, research should focus on systems that,
while still enabling the marketing of the main destination’s POIs, can also temporally and spatially load-balance tourists
in the entire region, and therefore support all destination service providers in a fairer way. Some research lines, focusing
on multistakeholder RSs in tourism, have already targeted this goal [15, 101], but more research should be focused
specifically on: optimization of effective policies to more uniformly distribute tourists [152], crowdedness prediction
techniques [151], collaboration platforms for the promotion of small tourism services [92, 110], and nudging techniques
for behavioral change [97]. This research direction can address pitfalls related to recommendation algorithm selection
and optimization. Moreover, building multistakeholder systems requires the collection of more diverse behavior data,
covering multiple segments of users and POIs, and overcoming the current research focus on biased data sets produced
by social network usage. This is not an easy task, as privacy concerns are strong in this application domain. However,
we believe that the joint satisfaction of multiple stakeholders’ goals and the implementation of more transparent RSs

can also promote a more trustworthy and extensive collection of behavioral data.

Research Direction 2: Context-Awareness. Notwithstanding the extensive state-of-the-art treatment of context
dependency of tourist preferences and behavior [3, 11], a limited usage of context has been made so far in deployed
POI recommender systems [127, 151]. Context is particularly important during trip planning and re-planning, as the
main contextual dimensions that have been considered are dynamic: weather [24], user’s mood and personality [23, 75],
and group composition [39, 104]. However, these dimensions have often been used independently and confined to a
second tier of importance, i.e., the personalization model was still mainly driven by item-related preferences extracted
from observed behaviors. We need to elaborate a more comprehensive view and better use the multiple contextual
factors that influence tourists’ preferences and behaviors, which can even be more important than specific individual
preferences [2, 10, 25].

Although the physical context factors of location, time, and weather are easy to measure and use, the research should
focus more on the analysis of traveler intentions and mood [23, 39, 68]. We need more research on the extraction of the
true tourists’ intents from observational data, in order to better understand what experiences tourists are looking for,

and at the same time, we must develop better solutions to extract context and intent information from the user-system
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interaction, i.e., by mining text content or by interacting with the user with natural language interfaces. To this end,
we believe some recent research works are of interest; for example, real-time analysis of tourists’ discussions [76],
behavioral clustering of observed tourists’ behaviors [96], identification of the best context for a visit, or methods to
detect context importance [10].

The other aspect of context is the effect of specific urban spaces on travelers. Herein, interdisciplinary findings from
urban sciences quantifying the “vibe” and other characteristics of tourism destinations and areas surrounding individual
POIs need to be considered in the recommendation models [44, 45, 82, 135].

Hence, context management can contribute to addressing pitfalls related to data and algorithms. Novel and more
comprehensive context-dependent preference, behavior data, and environment should be unobtrusively collected and
analyzed, and recommendation algorithms that prioritize the highly dynamic contextual state of the tourist should be
integrated in the RS.

Research Direction 3: Data Collection. The pitfalls related to data acquisition and algorithms show that state-of-
the-art POI RSs are systematically constrained by preference models learned from limited and biased observational logs
of user behavior. Commercial stakeholders are in a better position, as they can rely on more complete and massive logs
of real service purchases and tourists’ movements at destinations. However, the scope of their recorded interactions is
often limited to a single type of POIs or services, mostly accommodation or event bookings. DMOs are better positioned
to access various data sources: transportation, hotel reservations, culturally related tickets, or information requests and
dialogues with tourist information points. The analysis of these data sets could be challenged by their heterogeneity
and size. Hence, developing techniques and frameworks that facilitate these types of analysis is an important research
direction. Currently, marketing destination companies have started to analyze these data sources, with the help of
commercial enterprises offering customer relationship management and Al-based data mining tools, but, at the same
time, this data is very rarely shared with academic research [152]. Therefore, the development and dissemination of these
datasets is of primary importance, and specific actions must be identified yo promote and enable data-sharing activities.
National and international initiatives must be started to support even smaller destinations in planning effective data
analysis strategies. We also believe in the potential to generate pseudo-synthetic data that combines real observations
with debiasing and data augmentation techniques [49, 100]. These data sets may be used to explore new opportunities
for personalization, nudging, and promotion, without jeopardizing the marketing activity of a destination and raising

privacy concerns (Pitfall 6).

Research Direction 4: Trustworthiness Design. A major limitation of current POI recommender systems is
their lack of transparency and, more broadly, trustworthiness [158]: tourists are often unsure of the quality and
appropriateness of the received recommendations, hence they often opt for the more popular attractions, which are
easier to recommend and to be recognized as valuable targets. In fact, visiting a POI often involves time and money, and
poor recommendations can negatively affect tourists” experience. This explains why tourists tend to favor popular places
and invest time reading reviews, which signal social validation of these POIs. These simple approaches to decision-
making have been shown to increase user confidence in the choice [70]. However, we believe that confidence and
trust should also be achieved when less mainstream recommendations are generated by new types of trustworthy RSs.
Tourists must be confident that the recommendations are genuinely constructed to match their needs and preferences.
Although such aspects are now required under European legislation, e.g., through the Digital Services Act, their actual
availability and utility remains limited. To address these goals, we need algorithms and testing approaches that can

transparently ensure that the involved stakeholders are satisfied with the generated recommendations, i.e., the multiple
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criteria that the stakeholders have independently defined and should be jointly maximized by the RS [1]. Moreover,
consumers should be made aware of such a mediation of competing goals by explicit messages of the GUI and the
available explanations, so that they can make more sensible decisions and eventually even opt out of an untrustworthy
RS. This requires a non-trivial level of transparency, adapted to be understandable and usable by various types of tourists.
This research line is relevant for many pitfalls discussed in the article. Clearly, the recommendation algorithms must be
modified to become really multistakeholder and trustworthy. But, a trustworthy design of the recommender system
requires also novel evaluation metrics and procedures, which can be primarily performed by audit institutions, but also
by client applications, on behalf of the end user, to decide whether to rely or not on the provided recommendation

service.

Research Direction 5: Novel Interactions. Nowadays, before and during a trip, tourists rely on a multitude of
specialized applications, each dealing with specific components and aspects of the trip, such as accommodations,
transport, restaurants, or local attractions. While these tools offer useful services, no application can integrate all of
them at once, and hence they require users to manually switch from app to app and compare, integrate, and judge
information collected from these various sources. In fact, this information fragmentation makes it difficult to assess
and enable the smooth interconnection of elements of the trip. For example, a recommended attraction may not be
conveniently reached from the user’s hotel, with available transportation options, or due to the user’s time constraints.
These difficulties can result in suboptimal itineraries that do not take into account the general needs and preferences of
the traveler. To meet these challenges, the next generation of POI recommender systems must take a more holistic
approach to trip planning, still prioritizing usability to completeness. This involves integrating various trip components,
such as transportation, accommodations, activities, and restaurants, into a coherent framework that takes into account
the user’s context, preferences, and constraints. Using comprehensive data sources and advanced algorithms, these
systems should be able to generate personalized end-to-end itineraries that increase user satisfaction and streamline
the trip planning process. A technical approach to glue the output of multiple systems comes from the usage of LLMs
in conversational systems [28, 37, 38, 58, 103]. The future generation of RSs may be perceived as agents that, relying on
multiple information and recommendation components, offer the necessary middleware to integrate these components
and can be used as a unique access point to trip planning. Some recent works on Al supporting group discussion go
exactly in this direction [93, 122]. The research we propose on new forms of interaction can address many pitfalls, but
primarily the mismatch between user needs and current recommendation algorithms, which are often technology-driven
and precision-focused, while paying too little attention to the best practices of information search and discovery that

tourists naturally follow.

Research Direction 6: Real-World Evaluations. Traditional evaluation methods for tourism RSs often rely on the
same offline metrics that are used in other application domains and are easy to measure with the available data sets.
Although certainly useful, these metrics only score system performance on the basis of historical user-system interaction
data. However, they cannot assess the overall quality of the recommendations, which is influenced by multiple factors,
such as ephemeral preferences, contextual factors, or the specific individual dynamics of the decision-making process.
To fill this gap, Living Labs have emerged as a promising approach to real-world evaluation of tourism recommender
systems. Living labs are user-centered innovation ecosystems that facilitate co-creation and experimentation in real-
world environments [9]. In living labs, diverse stakeholders (recall Figure 1) can design, test, and create different
solutions that benefit multiple stakeholders. The collaborative nature of living labs, thanks to continuous feedback and

adaptation, ensures that the RS remains responsible for the changing needs and preferences of the users. In general, we
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Table 2. Pitfalls mapped to potential research directions. “v’v/” indicates the column as a primary research direction to the
pitfall (row), while “/” represents a secondary, i.e., more indirect connection.

Research direction

Cat. Pitfall Multi- Context- Data- Trustwor-  Novel- Real-
stake- Awareness  Collection  thiness Interactions World
holder Design Evalua-
Design tions

(1) Outdated Data v v vv v v
(2) Data Mismatches v vV
(3) Incomplete Data v v vV v

LBSN .

Data (4) POI Category Bias vV v v
(5) Platform Bias v v v vv
(6) Data Collection Ethics v vV
(7) Limited User Context vv 4 v

User (8) Limited Scalability v v vv

Study  (9) Sampling Bias v vv v v

Data (10) Short-term Observations v v vv

(11) Accuracy Emphasis v v v vV

(12) Algorithmic Rigidity 4 vv v v
A.lgo— (13) Popularity Bias v vV v v
rithms

(14) Lack of Multistakeholder As- | ¥/¢/ 4 v

pects

(15) Lack of Transparency vv

(16) Incomplete Measurements v vv v

(17) Neglect of User-centric Factors v v vV
Eva'l- (18) Lack of User and Item Segmen- | ¥¢/ v 4
uation tation

(19) Inconsistent Evaluation Strate- v v vv

gies

(20) Reproducibility Issues v vv

need to experiment with new forms of online evaluations where it could be simpler and more efficient to run targeted
tests of specific system properties.

Notwithstanding the potential increase in the efficiency of online tests, the need to perform offline experiments
remains. We believe that the recent practice of performing calibrated simulations of tourist behaviors can enhance the
ability of offline evaluations to select good system candidates to be tested online [101, 104]. Hence, in conclusion, this
research line can produce a significant impact in addressing the pitfalls related to the evaluation of the RSs, but can also

foster the development of more significant recommendation services.
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8 Lessons Learned and Conclusions

We summarize the identified relationship between pitfalls and research directions in Table 2. Here we distinguish the
match between pitfalls and directions in primary and secondary, to better separate what we believe is the primary and
secondary way to approach a potential solution of the pitfall.

In general, closing the gap between research and practice through Real-world Evaluations (Research Direction 6)
emerges as the most important area of improvement. It is the primary direction for six pitfalls and a secondary direction
seven times. Multistakeholder Design, Data Collection, and Novel Interactions also address a large number of pitfalls.
However, novel interactions are the primary direction only for Pitfall 5 (Platform Biases). This suggests that new ways
to support travelers are necessary to address a broad range of issues, even if they are not always the primary remedy.

Interestingly, almost all directions address all categories of pitfalls, except Research Direction 2 (Context-Awareness),
which does not resolve any evaluation-related issues. As expected, improvements in data collection practices (Pitfall 3)
mainly target pitfalls related to datasets, but also have indirect effects on evaluation practices. For example, one of the
most serious problems in POI recommendation-Pitfall 13 (Popularity Bias)-has its root in the nature of available data
sets, and we posit that algorithmic design would be different if richer and realistic datasets were available. For this
reason, we believe that several pitfalls may require multiple research directions working in coordination to improve
current practices.

Some necessary improvements lie outside the scope of our proposed research agenda. For example, improving
reproducibility depends not only on the methods and data used but also on establishing high publication standards
for documenting procedures and sharing code and data [67]. Additional steps, such as selecting fair baselines and
conducting reproducibility and replication studies to monitor algorithmic progress [19, 33], are also needed.

To conclude, POI recommendation is a research area that has received much attention, not only due to its apparent
simplicity but also for its clear usefulness. However, we have claimed that the majority of the proposed directions
have failed to address the important needs and demands of the stakeholders involved. We have therefore initiated
the paper with a discussion of the POI recommendation problem, before surveying state-of-the-art algorithms and
evaluation approaches. We then identified important characteristics and challenges that need to be addressed to produce
more useful and truly deployable systems. We have structured our analysis along three axes: datasets, algorithms, and
evaluation approaches.

By means of this analysis, we have claimed that while LBSNs are the main source of information for POI RSs, they
are composed of sparse, outdated, and highly biased data. For this reason, we argue that it is necessary to complement
this information and consider more recent, complete, and even complementary data sources, such as those collected
by DMOs and those related to weather, events, or blogs. Regarding algorithms, we have found evidence that most
of them are focused on the optimization of user-related precision metrics, ignoring other stakeholders and beyond
accuracy dimensions, such as novelty, fairness, or diversity. Moreover, current solutions lack adequate support for
in-trip context-dependent re-planning. In fact, it is not enough to recommend relevant items, but also to adapt the
specific user profile and consider other factors such as distance, price, and popularity of the POI, so that the user is
aware of the variety of POIs that can be visited. Regarding the evaluation dimension, we have evidenced that more
interaction with users must be collected to better train and test the designed solutions.

Finally, we have proposed a structured research agenda that, starting from the identified issues, introduces important
directions for future work. These potential future lines are related to multistakeholder design, context-awareness, data

collection, trustworthiness, novel interactions, and real-world evaluation. In particular, we consider the creation of
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datasets that incorporate not only data from LBSNs but also information from other stakeholders and contexts as vital.
Moreover, the addressed recommendation problem must take into account the interests of all relevant stakeholders
in the tourism domain. Because of this variety of goals and data, newer models that take into account a wider range
of destination data and produce more sustainable and trustworthy recommendations, for the benefit of the entire
ecosystem of the tourism economy, are a primary target for future research.

It is worth concluding that our contribution in this reflection article can provide neither a complete analysis of the
research gaps nor a definitive program of research on POI RSs. We aimed at offering to researchers and practitioners a
starting point for deepening the reflection on this subject, and to contribute to the progress of this important applied
research area, which can benefit the social and economic development of many global regions, hopefully, in a more

sustainable and fair way.
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